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In this literature review, we investigate machine learning techniques that are applied for stock market
prediction. A focus area in this literature review is the stock markets investigated in the literature as well as
the types of variables used as input in the machine learning techniques used for predicting these markets. We
examined 138 journal articles published between 2000 and 2019. The main contributions of this review are: (1)
an extensive examination of the data, in particular, the markets and stock indices covered in the predictions,
as well as the 2173 unique variables used for stock market predictions, including technical indicators, macro-

economic variables, and fundamental indicators, and (2) an in-depth review of the machine learning techniques
and their variants deployed for the predictions. In addition, we provide a bibliometric analysis of these journal
articles, highlighting the most influential works and articles.

1. Introduction

The average person’s interest in the stock market has experienced an
exponential growth over the last few decades (Badolia, 2016). Hence,
it is unsurprising that assets worth billions of dollars are traded on
stock exchanges every day (Hoseinzade & Haratizadeh, 2019), with
investors acting on the market with the desire to achieve a profit over
their investment horizon. If a market participant such as a private
or institutional investor could forecast the behavior of the market
accurately, this would enable them to consistently earn higher risk-
adjusted returns than the market. This motivates the use of machine
learning and computational intelligence methods to create accurate
models for the prediction of the stock market. Indeed, a large number
of published studies has attempted to forecast stock markets accurately
by developing sophisticated forecasting models/systems (Sedighi et al.,
2019; Song et al., 2019) and some studies reported that their models
could generate profits (Armano et al.,, 2005; Atsalakis & Valavanis,
2009a; Weng et al., 2017). In general, stock market prediction is recog-
nized as one of the most relevant but highly challenging tasks (Chen &
Hao, 2017) in financial research. However, the ability of an investor to
consistently achieve a higher risk-adjusted return than the market can
be in violation of the so-called efficient market hypothesis.

Fama (1970) established the efficient market hypothesis (EMH),
which assumes that the market price follows a random walk, i.e., fu-
ture changes in the market’s price cannot be predicted using exist-
ing information. In particular, the EMH distinguishes three forms of
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market efficiency: weak-form, semi-strong form, and strong-form effi-
ciency (Atsalakis & Valavanis, 2009a; Fama, 1970).

Weak-form market efficiency assumes that information contained
in past prices of a time series is already reflected in the current stock
price and does not help in predicting future price movements (Fama,
1970). Therefore, in the weak form of EMH, technical analysis cannot
outperform a buy-and-hold strategy in terms of expected return (Fama,
1965; Leigh et al., 2002). The second form of the EMH is the semi-
strong market efficiency, which states that stock prices fully reflect
all publicly available information (Fama, 1965). All publicly available
information also includes information about past prices, which means
that technical analysis may also not lead to consistently higher expected
returns. Moreover, all publicly available information encompasses, for
instance, fundamental information about economic conditions, politi-
cal events, interest rates, and company-specific information, which is
available to the public and affects stock prices (Wang et al., 2011).
Notwithstanding, in the semi-strong form of market efficiency, publicly
available information, including fundamental data, does not enable an
investor to consistently outperform the market. This implies that active
management that uses all publicly available information will not con-
sistently yield higher risk-adjusted returns than passive management
(e.g., buy-and-hold a stock market index). In contrast to the semi-
strong form, the strong form of the EMH states that all information,
including insider information, is reflected in stock prices. This precludes
any investor, even those with insider information, from consistently
achieving higher expected returns than the market (Fama, 1965, 1970;
Leigh et al., 2002). Therefore, the EMH in its strongest form effectively
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states that returns in the stock market are unforecastable (Timmermann
& Granger, 2004). The strong form of the EMH is rather extreme, and
even Eugene (Fama, 1970) himself stated that one would not expect
that insider information (e.g., of company officers) cannot be used to
generate higher expected profits.

Over time, there has been an increasing number of challenges of
the efficient market hypothesis and the fact that securities are priced
rationally (Borovkova & Tsiamas, 2019; Daniel et al., 1998). There
have been several market anomalies (Malkiel & Mullainathan, 2005)
such as the overreaction of financial markets (Bondt & Thaler, 1985,
1990) and their underreaction, the existence of short-term momentum,
long-term reversal, and the high volatility of asset prices (Daniel et al.,
1998) which represent support against the efficient market hypothesis
(especially in its weak-form). Some researchers discussed explanations
for such anomalies that are in line with the EMH such as that over-
and under-reactions happen randomly and are equally frequent (Fama,
1998) and the possibility of institutional investors being able to offset
the anomalies created by less sophisticated investors (Shiller, 2003).
However, there remained doubt that a model based on investor ratio-
nality can accommodate the observed anomalies (Daniel et al., 1998).
This led to a shift towards models incorporating human psychology,
leading to the emergence of behavioral finance (Bondt & Thaler, 1990;
Shiller, 2003), which questions the perfect rationality of investors due
to behavioral biases such as loss aversion, overreaction, and overre-
action (Lo, 2004). One attempt to reconcile the EMH and behavioral
finance was the proposal of the adaptive markets hypothesis (AMH),
which acknowledges and explains the existence of anomalies in finan-
cial markets (Lo, 2004). For a detailed discussion of the evolution of
the efficient market hypothesis, see, Lim and Brooks (2011).

Because of the fact that market anomalies may exist, it is unsurpris-
ing that a large number of market participants use information of past
market prices, company-specific information such as past earnings and
profits, as well as other factors to build their expectation about future
stock prices (Patel & Marwala, 2006). Moreover, investors often expect
that short-term returns continue since past returns may reflect the
investor sentiment (Bustos et al., 2011). Given such expectations and
the existence of market anomalies, it seems plausible to use information
about the past to forecast the stock market.

In stock market prediction studies, in general, two well-known
analytical approaches, fundamental analysis and technical analysis, are
deployed (Lam, 2004; Lohrmann & Luukka, 2019; Sedighi et al., 2019).
Fundamental analysis focuses on fundamental information. In case a
company’s stock price or return is forecasted, fundamental information
is, for instance, a company’s revenues and expenses, yearly growth rate,
position in the market, and other information contained in financial
statements or reports (Bodie et al., 2009; Murphy, 1999). In case a
stock index, which represents a set of numerous company stocks, is
forecasted, the same kind of information as well as information on the
market environment can be deployed, including national productivity,
trade, exchange rates, or interest rates, which will likely have an
impact on the operation of the companies contained in the stock index.
Conversely, technical analysis is the study of historical stock price and
volume data to predict the movements of the stock price (Lohrmann &
Luukka, 2019; Turner, 2007; Wei et al., 2011).

Most previous studies have applied statistical time-series method-
ologies based on historical data to forecast stock prices and returns
(Efendi et al., 2018). Among them, the auto-regressive conditional het-
eroscedasticity (ARCH) model, auto-regressive moving average
(ARMA), and autoregressive integrated moving average (ARIMA) mod-
els, moving average, Kalman filtering, and exponential smoothing are
the most popular techniques (Chen & Chen, 2015; Wei et al., 2011; Yeh
et al., 2011). Later, with the introduction of artificial intelligence (AI)
and soft computing, these techniques have received increased attention
within stock market prediction studies. Unlike traditional time series
methods, these techniques can handle the nonlinear, chaotic, noisy,
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and complex data of the stock market, leading to more effective pre-
dictions (Chen & Hao, 2017). Consequently, these methods represent
innovative and advantageous alternatives, which makes them attractive
to be adopted by researchers for financial market forecasting.

In addition to the forecasting methodology, data are an essential
component in stock market forecasting and play a vital role in the pre-
diction process. In particular, all the analysis methods discussed above
deploy selected data (variables) for a specific time period for model
building. Data related to the stock market often contain time series
data in various forms, such as stock index prices, returns, volatility,
and interest rates (Enke & Thawornwong, 2005). To our knowledge,
there has been very limited research on the variables included during
the model building process for stock market prediction. In this paper,
we focus on a systematic review of the literature in financial market
forecasting with a focus on the data included in the studies and the
statistical and machine learning methods used.

Thus, this work aims to broaden the current knowledge in stock
market predictions through a systematic literature study. From this
perspective, we first established the research questions: (1) What kind
of data (variables and type of variables as well as time horizons) are
used? and (2) what machine learning and Al techniques were applied in
stock market prediction studies? In addition to these primary research
tasks, this study includes several other contributions: a discussion on
state-of-the-art machine learning-based forecasting models over the
last two decades, a bibliometric analysis of the selected studies with
the most significant research contexts (e.g., keywords and citation
performances), and validation methods, with respect to the selected
literature.

Across this research, to present a comprehensive review, we fol-
lowed the guidelines in Snyder (2019) and methodologies from Ahmad
et al. (2018), Ambreen et al. (2018), Kitchenham and Brereton (2013).
The search result was 138 articles in total published between 2000 to
2019. In addition, we used predefined exclusion and inclusion criteria.

We organized the rest of the paper as follows: Section 2 briefly
presents a general overview of the data (and their properties) used, as
well as machine learning methods applied in stock market prediction.
In Section 3, related work is presented. Section 4 briefly describes the
methodology followed to conduct this literature review. The results of
the review study are displayed and discussed in Section 5. Eventually,
Section 6 outlines the conclusions made according to the results and
evaluations of the review.

2. General overview of the data and machine learning techniques
used in stock market prediction

2.1. Data sources

In the literature, variables such as technical indicators, financial
variables, and macro-economic variables have been considered the
most influential ones affecting stock price movements (Tsai & Hsiao,
2010). However, such studies incorporated different sets of variables
as input data for their prediction models, because there is no general
consensus about all variables that are relevant for stock market fore-
casting. In this study, we classified all the variables in the selected
literature that were used as input data into four main categories and
several subcategories, as illustrated in Fig. 1.

Technical indicators are widely applied input variables in most
prediction studies, since they play a vital role in buy and sell signals
for stocks (Sedighi et al., 2019). In general, we categorized all tech-
nical indicators into “basic technical indicators” and “other technical
indicators”. A description and analysis of each type and sub-type are
provided in Section 5.3, which discusses the variables and stock market
indices covered in the literature. Several studies (Chun & Park, 2005;
Hadavandi et al., 2010; Hassan et al., 2007) have used basic technical
indicators as the input data for forecasting stock markets successfully,
while many studies (Chang & Wu, 2015; Fadlalla & Amani, 2014;
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Fig. 1. Variable categories for stock price and return predictions.

Khaidem et al., 2016; Laboissiere et al., 2015; Son et al., 2012; Zhang
et al., 2018a) adopted various other technical indicators.

Furthermore, macro-economic variables have also received consid-
erable attention in stock market studies (Enke et al., 2011; Leung
et al., 2000; Tsai et al.,, 2011; Zhong & Enke, 2017a, 2017b). We
defined four subcategories for this category, namely “exchange rates”,
“commodities”, “economic performance”, and “interest rate & money
supply”.

Fundamental indicators related variables have been another vari-
able type of interest among stock market prediction studies (Barak
et al., 2017; Barak & Modarres, 2015; Lai et al., 2009; Lam, 2004; Olson
& Mossman, 2003; Tsai et al., 2011). Such variables are also discussed
withing two sub-categories: (1) “stock information variables”, which
are based on or related to a particular company stock traded on a
public stock exchange, (2) “balance sheet & profit and loss statement
variables”, which refer to financial reporting variables.

Lastly, the rest of the variables are classified as “other variables”
without any sub-divisions. For example, some studies predicted a spe-
cific stock market deploying price data of other indices (Niaki & Hosein-
zade, 2013; Zhong & Enke, 2017b, 2019) or variables extracted from
financial news (Chen et al., 2017; Lien Minh et al., 2018; Shynkevich
et al.,, 2016), ad hoc announcements (Feuerriegel & Gordon, 2018),
email data (Zhou et al., 2018), and tweets (Shi et al., 2019).

2.2. Machine learning

The philosophy behind machine learning is to extract knowledge
from data (Kubat, 2017, p. 1). Supervised learning is the most widely
used machine learning techniques in stock market prediction. Fig. 2
illustrates a general workflow of a supervised learning-based approach
applied for stock market prediction.

The process starts with choosing time-series data (e.g., stock price
and/or return) and/or relevant information (e.g., financial news) from
a specific time period. If the task is a classification problem, the target
class is either known or needs to be predicted.

First, the corresponding data require pre-processing, which initially
includes the cleaning and removal of incomplete or obviously irrelevant
data (such as identifiers). Next, technical indicators can be calculated
based on the underlying time-series data, such as close price informa-
tion. Once the cleaned data including technical indicators are obtained,
the data are pre-processed further through scaling and dimensionality
reductions (i.e., feature selection, feature extraction, and feature gen-
eration) to obtain relevant variables and to filter out irrelevant ones.
Using pre-processed data often leads to effective predictions (Chen
et al., 2019). In Fig. 2, however, this step is shown as optional because
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Fig. 2. Workflow of a stock market prediction model with supervised learning.

it usually depends on the selected domain and is also up to the author’s
choice. Once the input data are ready, the task is to select an existing or
novel machine learning technique to predict the target variable. For this
purpose, input data are usually divided into training data (to train the
model with certain parameters and structure of the model), validation
data (to evaluate the performance of all trained models and select the
best model structure and parameters), and test data (to evaluate the
generalization performance of the final model on observations that
it has not encountered before during training and validation). Since
feature selection in its simplest form (i.e., filter methods) can be used
independently of the learning algorithm, it is listed as a data pre-
processing step. However, it may be connected to model training by
using the learning algorithm’s performance to perform feature selection
(wrapper method) or may be integrated in the model construction itself
(embedded method) (Guyon & Elisseeff, 2003; Lohrmann et al., 2018).
To account for this potential link between feature selection and model
training, the training step is connected with the pre-processing step via
a dashed line in the flow chart. Lastly, prediction is performed using the
trained classification model or in regression using the trained regression
model.

In the literature, several variants of machine learning techniques
have been developed for application to stock market predictions. Among
them, artificial neural networks (ANNs) (Nermend & Alsakaa, 2017;
O’Connor & Madden, 2006), support vector machines (SVMs) (Cao
& Tay, 2001; Huang et al., 2005), and their variants (Ebrahimpour
et al.,, 2011; Enke & Thawornwong, 2005; Pan et al., 2017) are the
most frequently applied methods since they have shown promising
results in prediction. With the introduction of intelligent systems in
fuzzy theory (Zadeh, 1965) that deal with uncertainty in data, a
considerable amount of literature has been published discussing stock
market forecasting models based on fuzzy theory. These models include
fuzzy time-series (Cagcag Yolcu & Alpaslan, 2018; Chu et al., 2009),
adaptive network-based fuzzy inference systems (Wei et al.,, 2011),
Takagi-Sugeno-Kang (TSK) type fuzzy systems (Chang & Fan, 2008;
Chang & Liu, 2008) and other variants (Lai et al., 2009; Pal & Kar,
2019).

In addition, according to the literature, other machine learning
techniques such as random forests (Khaidem et al., 2016; Lohrmann &
Luukka, 2019), decision trees (Tsai & Hsiao, 2010), k-nearest neighbor
(KNN) classifiers (Zhang et al., 2017), and Bayesian networks (Mala-
grino et al., 2018) have been often applied as well. However, because
most of the mentioned techniques have their own merits and limi-
tations, some researchers tended to enhance the forecasting accuracy
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of those methods. On account of this, combinations of several meth-
ods such as KNN + SVM (Cao et al.,, 2019; Chen & Hao, 2017),
ANN + SVM (Lu & Wu, 2011; Weng et al., 2017), and others have
been investigated for predicting stock prices or returns. In addition,
the forecast accuracy of the techniques mentioned above have been
improved using feature selection methods (Barak & Modarres, 2015;
Zhang et al., 2014), feature extraction methods such as principal com-
ponent analysis (PCA) (Chen & Hao, 2018; Wang & Wang, 2015),
evolutionary algorithms such as genetic algorithms (GA) (Ye et al.,
2016), Wavelet transforms (Chiang et al., 2016), and particle swarm op-
timizations (Chai et al., 2015), to name a few. Moreover, in contrast to
the previously discussed supervised learning techniques, the ability of
clustering as an unsupervised method was also examined for forecasting
stock prices (e.g., Vilela et al., 2019).

Recent developments in the field of stock market prediction has led
to renewed interest in deep learning methods. Deep learning is a branch
of machine learning (Lien Minh et al., 2018) that can identify hidden
nonlinear relationships and extract relevant features from complex
and noisy data without relying on human expertise and economi-
cal assumptions (Chong et al., 2017). Accordingly, deep neural net-
works (Singh & Srivastava, 2017), convolutional neural networks (Cao
& Wang, 2019; Gunduz et al., 2017), and long short-term memory
networks (LSTM) (Fischer & Krauss, 2018) have also been applied
comprehensively in stock market price and return forecasting.

3. Related work

In recent years, there has been a growing interest in review stud-
ies conducted in many different fields, including finance and busi-
ness (Henrique et al., 2019), computer science (Ahmad et al., 2018),
social science (Ahmed et al., 2019), medicine (Klemm et al., 2003), and
engineering (Ambreen et al., 2018), to name a few. Concerning market
forecasting models in finance, literature review studies are comparably
rare and only few examples exist. One survey of stock market forecast-
ing techniques with more than 100 relevant articles published until
2009 was presented by Atsalakis and Valavanis (2009b). This survey
is primarily concerned with studies that apply neural networks and
neuro-fuzzy systems. Similarly, Rather et al. (2017) surveyed portfo-
lio selection and stock market prediction models across studies that
used traditional mathematical models as well as Al. Farias Nazario
et al. (2017) presented a review on technical analysis indicators as
forecasting methods for stock markets. They provided not only an
overview of technical analysis through the existing literature but also
recommendations and directions for new studies in this subject.

A recent review on machine learning techniques in financial market
prediction can be found in (Henrique et al., 2019). This review provides
a bibliographic analysis over 57 selected studies while commenting
on the most cited articles, authors, and co-citation frequencies. Simi-
larly, Gandhmal and Kumar (2019) performed a systematic analysis and
review study using over 50 research articles related to stock market pre-
diction. They essentially classified the selected studies with respect to
the applied prediction methods with a detailed discussion of them, the
year published, the performance metrics, and the software tools. Shah
et al. (2019) also provided a concise review and taxonomy of stock
market forecasting models.

Some recent reviews attempted to cover a broader range of studies
in the field. For example, Bustos and Pomares-Quimbaya (2020) pre-
sented a systematic review of the prediction methods used in the stock
market, covering 52 studies published from 2014 to 2018. This review
focused on different types of machine learning techniques, including
deep learning, text mining, and ensemble techniques. Moreover, a
study by Jiang (2021) surveyed deep learning models applied for stock
market predictions in the last three years. It also provided a brief
overview of the data used and the data processing methods used and
pointed out some future research directions based on existing research.
By examining 30 journal and conference articles, Kumar et al. (2021)
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provide a complete overview of various aspects adopted in stock market
prediction studies, including machine learning algorithms, performance
measures, datasets, and journals.

However, most of these reviews did not analyze the forecasting
approaches themselves in detail and only provide an overview of them
in the form of tabled information. Rather than considering an in-
depth review of the applied methods, the deployed input variables,
and the data used in the studies, they mostly focus on a bibliographic
analysis together with a classification of the research elements of the
studies. According to Weng et al. (2017), the main components in stock
market prediction are the tracking of relevant information about data
and predictor variables, and the selection of Al techniques that are
effective for prediction and analysis. For this purpose, and due to the
found research gap, in our study, we provide an in-depth review of the
machine learning models used in forecasting. In addition to the main
methods and their variants, we also discuss other sub-techniques used
in conjunction with machine learning to improve the predictive power
of these methods. Furthermore, we emphasize the specific variables
and variable types that are used to conduct the forecast as well as an
analysis of the stock markets involved.

4. Research methodology
4.1. Planning

The scope of this literature review was defined based on our ob-
jectives and research questions. We concentrated on research works in
the time period from 2000 to 2019 and limited ourselves to articles
using machine learning methods to predict stock markets. To conduct
a systematic literature review, defining the review protocol (i.e., the
complete plan) is essential for getting primary studies and reducing
the bias (e.g., publication bias) in our research. Therefore, in this re-
view study, we applied the review protocol introduced by Kitchenham
(2004). It includes steps concerning the planning and review phase
of a systematic literature review. In conjunction with that, the plan
was created for our systematic literature review study, and it was
implemented with the process presented in Fig. 3.

The steps of this review process are discussed in detail within the
next subsections.

4.2. Search strategy

The purpose of the search strategy was to find an appropriate and
effective set of studies to answer the research questions. The search
process of this review study consisted of two stages for searching the
literature. In the first stage, we performed a “manual search” by select-
ing the pilot set of papers through defined search venues. Then, using
this initial set of articles, snowballing was conducted following the
strategy introduced by Wohlin (2014). In the next stage, “automated
search” was conducted using the technique proposed in Kitchenham
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and Brereton (2013) to find more relevant articles. In this strategy, we
first defined the scientific databases to be used in the search and then
a list of primary search terms to be applies in the search queries for
each database. In summary, the mechanism used in the search process
is illustrated in Fig. 4.

4.2.1. Manual search

Our initial set of primary studies included nine journal articles (At-
salakis & Valavanis, 2009a; Chang & Liu, 2008; Chong et al., 2017;
Enke & Thawornwong, 2005; Huang et al., 2005; Kara et al., 2011;
Lohrmann & Luukka, 2019; Patel et al., 2015; Tsai et al., 2011).
We found these articles in the manual search for literature on stock
market predictions, and we decided to use them as the initial set after
examining the full text of each of these articles. Moreover, this set
of articles was part of the final analysis. Next, backward and forward
snowballing were performed using the initial set, and relevant articles
were selected within several rounds. In backward snowballing, the first
step was to scan through the reference list and include the relevant
studies that fulfill the inclusion and exclusion criteria. In this step,
the titles of the articles were examined. Next, the articles that were
found earlier through backward snowballing or from the initial set were
removed from this list. After repeated articles were excluded, abstracts
(and other parts if needed) were read to find the relevant articles in the
final set.

In forward snowballing, the search was based on finding articles
that cited a single article (or multiple articles) of the initial set. This
citation analysis for each research article was performed using Web of
Science. The filtering options available in this database provided an ad-
ditional advantage to find only relevant studies based on the inclusion
and exclusion criteria. Once the set of relevant articles was identified,
the duplicate articles that were also contained in any previous set were
excluded. Next, the abstract in each article was studied, and if the
abstract was not deemed sufficient to judge the relevance of the article
for the potential inclusion in our study, other parts of the article were
examined to select the final set of articles.

4.2.2. Automated search

In the search process, our objective was to find a broad set of
relevant studies. We considered having a comprehensive set of relevant
studies as an essential factor in making our study distinguishable from
existing review studies, helping in minimizing the bias, and delivering
more reliable evaluations of results. However, we managed to get only
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Table 1
Search query for each database.

Database Search query

((“Prediction” OR “Forecasting”) AND (“Stock price” OR
“Stock return”) AND (“AI” OR “Machine Learning”))
((‘Prediction’ OR ‘Forecasting’) AND ((‘Stock’ AND ‘Price’)
OR (‘Stock’ AND ‘Return’)) AND ((‘Machine’ AND ‘Learning’)
OR (‘AD))

(“Prediction” OR “Forecasting”) AND (“Stock price” OR
“Stock return”) AND (“Machine learning” OR “AI”)
(Prediction OR Forecasting) AND (“Stock price“ OR “Stock
return”) AND (AI OR Machine Learning)

Scopus

IEEE Xplore

Web of Science

Science Direct

103 related articles in total in the final set with manual search. As we
aimed to use a broad sample of relevant studies, we next extended the
search process using automated search to get more articles into the final
sample. We also realized that it is possible to miss more relevant articles
during manual search since the area of stock market predictions is more
widespread.

Accordingly, we applied an automated search strategy to extend the
literature search and find more relevant articles that might have been
missed during the manual search. We used four databases, “Scopus”,
“IEEE Xplore”, “Web of Science”, and “Science Direct” across the
automated search to find relevant articles. This process was started
by defining search queries, and then relevant studies were identified
after using the inclusion and exclusion criteria. Next, duplicate articles
to those identified either within the manual search or the automated
search were removed. After evaluating the abstracts (and other parts
if needed) of the remaining articles, we included the articles into the
final set.

4.3. Search queries

The search queries were defined as they emphasize the purpose
of our research. To define them, we used our experience and domain
knowledge as well as the subjective elicitation from the titles, key-
words, and abstracts of the articles used in the manual search. The
terms “Prediction” and “Forecasting” were used separately for each
data source, since we noticed that relevant articles had used at least
one of them in their definitions. Prediction or forecasting was expected
for either “Stock price” or “Stock return” by using them in the same
search query. The term “Machine Learning” was used as the closed
term of the defined query since the expected articles are supposed
to be based on the forecasting models that applied machine learning
methods. However, it became apparent that using “AI” separately with
“Machine Learning” resulted in a larger set of relevant articles. Table 1
summarizes the queries used in each data source in the automated
search.

4.4. Inclusion and exclusion criteria, and study selection

Inclusion and exclusion criteria were applied to select the set of the
most relevant articles for our study. All of those options are presented in
Table 2. We decided to exclude an article if it was out of the year range
between 2000 and 2019, a conference paper, an unpublished article, a
report publication, a thesis work, or a book publication. We wanted to
access full texts of the article, so we considered the full-text availability
of it. Articles that were written in other languages except English were
also excluded.

No articles prior to 2000 were included because (i) these were
published more than 20 years ago and, thus, cannot be considered
contemporary, (ii) there were very few relevant publications on this
topic around 2000 and prior to it (see Fig. 6), and (iii) the search for
2000 to 2019 already yielded a suitable number of articles to include
in our study.
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Table 2
Applied filtering options during the search process.

Filtering options Specification
Published year 2000-2019
Document type Journal only
Language English
Published stage Final

Text availability Full texts available

Originally found
After filtering
Included in the final set

11
7

IEEE Xplore

400
/NN

232

Web of Science Science Direct

Fig. 5. Databases and the corresponding number of articles in each stage.

Table 3 displays the results obtained from the steps utilized in
snowballing. As the table shows, backward snowballing resulted in
a total of 427 references, most of them being quite old (published
before 2000). Thus, after the removal of irrelevant papers, 91 articles
were selected for further investigation. These selected articles were
compared with previously identified articles to remove the duplicates.
Next, the retained articles were read and examined, which led to the
inclusion of a total of 32 articles into the final set of articles. With
forward snowballing, the initial result of the search was 1191 articles,
but the inclusion and exclusion criteria led to the identification of 238
relevant articles. After excluding duplicate articles and studying the
content of the rest of the selected articles, a total of 62 articles were
selected for the final collection. In summary, 103 (9 + 32 + 62) articles
were selected for the final set from the manual search within several
rounds.

We also applied the automated search in the search process since we
wanted to include more articles in this review and decided the number
of articles from the manual search was not sufficient. Concerning the
inclusion and exclusion criteria, we used the available filtering options
for each data source during the search process to select the most
relevant studies during the automated search.

The search results in each stage within the selected database are
visually presented in Fig. 5. A total of 739 articles (Scopus: 324, IEEE
Xplore: 232, Web of Science: 116, and Science Direct: 67) were the
first result in the database search. Next, applying the filtering criteria
resulted in a total of 221 articles (Scopus: 110, IEEE Xplore: 13, Web of
Science: 38, and Science Direct: 60). It is noteworthy that we obtained
a low number of relevant articles from IEEE Xplore. Most of the articles
resulting from search queries within this source were conference pa-
pers. As the final result, a total of 35 (Scopus: 15, IEEE Xplore: 4, Web of
Science: 7, and Science Direct: 9) articles were selected to be included
in the final set after removing duplicates and with a brief analysis of
the content of each article. After merging the final set of articles from
manual and automated search, a total of 138 articles were selected to
be used in the data extraction process. Both the first and second author
have been involved in this search strategy.

4.5. Research themes
The primary goals of this research, as previously noted, were to

explore the characteristics of the data used and to identify the ma-
chine learning approaches and their variants applied to forecast the
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stock market. Moreover, through a short bibliographic analysis, this
study also aimed to gain an understanding of the current state of
the published researches focused on financial market forecasting. Fur-
thermore, we also addressed the data orientation process, including
pre-processing methods, evaluation metrics, and performances. Ac-
cordingly, we defined four research themes based on the research
objectives, and they are presented in Table 4.

4.6. Data extraction

Before starting data extraction, we determined which types of in-
formation/attributes need to be summarized to achieve the objectives
of this literature study. The relevant information was then identified
and extracted through the defined attributes via reading the entire text
of each article. That information was then stored in a Microsoft Excel
sheet for analysis. We primarily collected data through the attributes
listed in Table 5. In the table, the “Study” column refers to the IDs of
the research themes mentioned in Table 4, and ‘““Subject” refers to the
category of the group of several attributes. In addition, attribute names,
together with a short description, are presented in the last two columns.
It is noteworthy that some attributes were divided further (using more
columns) to include all relevant information. For example, if there were
more than one model in a study, then it was reported as Model 1, Model
2, etc. Other relevant attributes were also changed as desired. Including
all of these attributes, there were 79 unique attributes in total.

Besides the information presented in the data extraction step, as
described in Table 5, there was another part of the data extraction
that was specifically relevant to RT,. Most studies on stock market
prediction used a specific number of features from the data as input
variables. As we already know, there are various types of variables
under the categories of technical indicators, macro-economic variables,
fundamental indicator variables, and others. Therefore, we collected
information on variables included in the data that were deployed in the
literature for stock market predictions. We extracted this information
by assigning “1” and “0” to each specific feature (predefined, as specific
as possible, e.g., “simple moving average (5 periods)”) concerning each
study so that if the particular feature was used, then a value of 1 was
placed and otherwise 0. If a feature was used in a study in multiple
configurations but no information was provided to identify and differ-
entiate these modifications, then the assigned value was the number of
configurations instead. The purpose of collecting this information was
to present a comprehensive analysis of features and their patterns used
for forecasting stock market values.

4.7. Data synthesis

Data synthesis is aimed at analyzing and summarizing information
observed from the selected articles to answer the research questions
posed in this study. We used a thematic synthesis (Braun, 2006) based
on qualitative data, as well as descriptive analysis to find answers to
the research questions based on quantitative data. Here, we performed
a qualitative and quantitative analysis of the evidence from the data.

5. Results of the literature review

In this section, we present the results obtained from the analysis
of the review connected with the research questions defined earlier.
The analysis was performed along with the data extracted from the
138 selected primary studies. Moreover, the reviewed results of (1)
bibliographic information, (2) data and their properties, and (3) applied
and developed machine learning methods are presented and discussed
under three subtopics.



M.M. Kumbure et al.

Table 3
Search results in the snowballing process.
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Articles in the initial set Backward snowballing

Forward snowballing

References Relevant articles Final set Cited studies Relevant articles Final set
Lohrmann and Luukka (2019) 64 17 15 1 0 0
Kara et al. (2011) 43 14 9 184 48 16
Patel et al. (2015) 26 10 0 136 39 7
Enke and Thawornwong (2005) 46 1 0 165 23 11
Huang et al. (2005) 30 5 1 325 50 8
Tsai et al. (2011) 33 6 1 54 9 0
Atsalakis and Valavanis (2009a) 84 8 0 120 28 5
Chong et al. (2017) 77 24 6 62 13 6
Chang and Liu (2008) 24 6 0 144 28 9
Total 427 91 32 1191 238 62
Table 4
Research themes.
ID Research theme Objectives
RT, Bibliographic information To find the yearly distribution of the selected articles
To find the most relevant journal in the related area
To find the distribution of keywords
To find the most relevant studies in the related area
RT, Data and data orientations To explore the characteristics of data used
To find most frequently used variables in the data
To find the data pre-processing methods applied
RT; Machine learning/Al methods To discover the most common machine learning and Al techniques used
To find the sub-techniques that were deployed with the main approaches
To find recent trends with techniques in the related area
To obtain the state-of-the art relevant models
RT, Performance metrics To find the most frequently used performance metrics

To find the performance of each machine learning model applied

RT;: Research theme i, for i =1,2,3,4.

Article count
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Fig. 6. Number of included articles by year.

5.1. A review of bibliographic information

Each of the following subsections present one of the highlighted
cases of the bibliographic analysis that we designed for answering
questions in the first phase of our research. Accordingly, we analyze the
selected articles by year, journal, frequently used keywords, and most
cited articles. First, we present an overview of the selected studies used
in this research.

5.1.1. Overview of extracted data

The characteristics of the selected studies in this research are pre-
sented in Table 6. This review study used 138 primary articles in total,
which were published in 52 peer-reviewed journals in the last two
decades.

5.1.2. Publications by year

The number of articles published by year is presented in Fig. 6. Most
studies found in this research were up-to-date as they were recently
published. More than 50% of articles in the data were published

Expert Systems with Applications {

Applied Soft Computing Journal

Soft Computing 6

Neurocomputing 6

Decision Support Systems 6
Knowledge-Based Systems 5

Neural Computing and Applications

International Journal of Forecasting

Journal

Information Sciences
IEEE Access
Computers and Operations Research 3

EE S

Applied Intelligence 3
Omega 2
Mathematics and Computers in Simulation 2
Financial Innovation 2

0 10 20 30 40
Journal count

Fig. 7. Article counts by most relevant journals.

between 2015 and 2019, while the remaining articles are from the
15-years period prior to 2015. In general, there appears to be an
exponential growth in the number of studies that focused on stock
market predictions using machine learning.

5.1.3. Publications by journal

Fig. 7 shows the most relevant journals of the selected studies. There
are 52 unique journals in which the selected articles were published. In
the figure, we present only those 16 journals that contained more than
one article from our set of 138 scientific articles.

In this classification, it is visible that the journal Expert Systems
with Applications was the top journal in which most articles related to
stock market forecasting were published. It accounts for approximately
31% of the papers selected. Other journals such as Applied Soft Com-
puting, Soft Computing, Neurocomputing, Decision Support Systems, and
Knowledge-Base Systems account together for approximately 22%. These
results indicate which journals were the main publishing sources of
research on stock market predictions using machine learning.
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Table 5
Attributes in data extraction.
Study Subject Data attribute name Description
RT, Bibliographic information Authors The authors of the article
Year Year of publication
Journal Where the paper is published
Keywords The keywords listed in the article
Title The title of the article
Objective The purpose the research
Findings A short description of the key findings of the research
RT; Theoretical concepts and Approach Main approach used in the methodology (e.g., regression)
experimental procedure Model (Category) Novel Al/machine learning model OR main method
Model (Sub-category) Other models used in the model (e.g., PCA, Clustering)
Specifications Final model specifications/ parameters
Programming Language The software/language used in the study
Benchmark Existing methods used for comparison purposes
Training Iterations Number of iterations in the training model
Prediction Type Stock price or return or movement of the price or return
RT, Data descriptions Stock Index Name of the stock index
Stock Trading Volume Number of shares that changed hands during a given day
Individual Stocks Number of individual stocks
Individual Stocks Name Names of the individual stocks (of companies)
Frequency Time window of the used data (e.g., daily/weekly/monthly)
Observations Number of observations in the data
Beginning Period The starting date of the data
End Period The end date of the data
Stock Markets Number of stock markets in the used data sets
RT, Input features Technical Indicators Number of technical indicators in the data
in the data Economic /Fundamental Number of economic/ fundamental variables in the data
Other Features Number of other variables in the data
RT; Data pre-processing Feature Selection Is feature selection applied? Yes or No
Feature Extraction Is feature extraction applied? Yes or No
Feature Construction Is feature generated? Yes or No
Feature Normalization Is feature normalized? Yes or No
Analysis of Features Is an analysis of features included? Yes or No
Number of Classes Number of categorizations of the prediction
Validation Method Validation method in the developing process
Data Split The ratio of the data split
RT; Analysis of trading Trading simulation Is trading simulation applied? Yes or No
strategies Best Strategy (Daily) Is best daily strategy/benchmark found? Yes or No
Best Strategy (Weekly) Is the best weekly strategy/benchmark found? Yes or No
Best Strategy (Monthly) Is the best monthly strategy/benchmark found? Yes or No
RT, Evaluation metrics and Performance Measure Name of the performance measures (PMs)
performances Value of PMs The value of the performance measure, e.g., accuracy
RT; Market efficiency EMH investigated Is the EMH investigated? Yes or No
Transaction Cost Is transaction cost considered? Yes or No
Tax Is tax considered? Yes or No
Slippage Is slippage considered? Yes or No
Bid-Ask Spread Is bid-ask spread considered? Yes or No
Table 6 Forecasting |
An overview of the studies in the data collection. Nasural etwork |
Description Result Diﬁ:}:‘;g
Number of articles 138 FZ?:;LE:,:LZE::Z:
Number of journals 52 ,,  Stockprice forecasting |
8 Genetic algorithm -
Period 2000-2019 S Stock market prediction
Number of authors 346 § oo prdcion
Number of author keywords 351 Artifcial neural networks -
. Support vector machines -
Single-authored documents 11 Artificial neural network -
Multi-authored documents 127 Machine learning 7

5.1.4. Variation of keywords

The list of keywords is one of the most important settings of a
research article, making the article searchable and guaranteeing that it
is easily accessible by other researchers. Hence, the 20 most frequently
used author keywords are shown with their respective counts in Fig. 8.
It can be easily seen from the figure that the keywords forecasting, neural
network, data mining, and stock price prediction/ forecasting are ranked
highest on the list of keywords. It is also visible that the top keywords
include synonyms and singular and plural forms of some keywords
(e.g., “neural network” and “neural networks”), revealing that taking

Stock index forecasting
Stock market -

Financial forecasting
Fuzzy time series -

10

Counts

Fig. 8. Article counts by most frequently used author keywords.

these distinctions into account might be worthwhile in the search for
publications.

In addition to presenting the main author keywords, we also inves-
tigated the dynamics of these keywords year by year. Fig. 8 highlights
the top 20 keywords with their respective overall count. More details
about the keywords dynamics and citation performance can be found
in Appendix.
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Fig. 9. Frequency by market.

5.2. Markets, indices, and stocks

The focus of this paper is on the prediction of stock markets,
i.e., stocks traded on stock exchanges and the indices that represent the
performance of a set of specific stocks. An example of a stock is “Apple
Inc.”, which is a well-known “Information Technology” company in
the USA, and an example of a stock index is the S&P 500 index,
which tracks the performance of the 500 largest companies in the USA,
including “Apple Inc”. The research articles considered in this study
contain 26 different markets as well as one index for the European
Union as a whole. Fig. 9 illustrates the number of publications in
which the stock market indices and/ or specific stocks of a market were
discussed.’

It is apparent that the indices and stocks in the USA are the
most investigated ones (62), followed by Taiwan (28) and China (25).
Overall, only four out of seven global regions are present in our study:
Asia, Europe, North America, and South America. Neither Africa and
Australia are covered, nor is, obviously, Antarctica. The region North
America is essentially limited to the USA, with Canada only being
featured once in the literature. Furthermore, South America is only
represented by Brazil. Conversely, Asia contains 16 individual markets,
which is the largest set of markets in this study. Europe is represented
by seven individual markets as well as the European Union itself. It is
remarkable that even though the USA is by far the single most covered
market, North America as a whole with 63 coverages in the literature
clearly only ranks second among the regions, i.e., behind Asia with 119
instances. Europe with 12 mentions and South America with 7 mentions
appear to play a minor role in the stock market prediction literature.

Fig. 10 displays the frequency of exchanges/indices mentioned in
our study and indicates the respective market of each of them. As
the figure illustrates, 45 unique exchanges/indices are present in the
investigated literature (for a complete list with full names and markets,
please see Appendix Table C.1).2® The market that is Hong Kong Special
Administrative Region (China) is abbreviated in Figs. 9 and 10 with
Hong Kong.

1 Since each article can refer to stocks and indices of one or more market,
the sum of all counts is larger than the number of research papers in this
study. For instance, Chu et al. (2009) cover both, the NASDAQ Composite
Index [USA] and the TAIEX [Taiwan], so this is accounted for once in the
count of the “USA” and in the count of “Taiwan”.

2 Since each article can refer to one or more indices/exchanges, the sum of
all count is larger than the number of research papers in this study and does

It is apparent that the S&P 500, which is an index that covers
the performance of the 500 largest companies in the USA, is with
50 mentions; this is the index that is most commonly referred to in
our study. The second place is taken by the TAIEX [Taiwan] with 24
references, and the third place is shared by the NASDAQ Composite
Index [USA] and the SSE Composite Index [China] with 12 references.
Once again, the USA takes the first place in terms of references in the
literature and contains three indices in the top five most mentioned
indices. However, in terms of region, Asia is once again taking the
leading role with 108 references to Asian indices, with North America
only ranking second with 89. European indices are with 13 counts,
a distant third, and South American indices with seven are an even
further distant fourth. A different picture emerges if the actual number
of indices is considered. Out of the 46 unique indices, Asia represents
24 of them, which is a majority share of 52.2%, whereas North America
only contains 10 indices (21.7%). Europe is with 10 indices (21.7%),
on an equal footing with North America even though the gap in terms
of number of mentions of these indices compared with the North
American ones is obvious. For South America, only one index (2.2%),
namely the Brazilian IBOVESPA, is contained in this study.

Fig. 11 displays the frequencies and the market capitalization of
indices with at least three mentions in the literature as well as selected
other European and Asian indices of varied size and importance (see
Appendix Table D.1).

From the overall 22 indices contained in this comparison, the four
indices from the USA are the largest ones considered in the research
papers. These indices range from 7.252 Trillion USD (Dow Jones In-
dustrial Average Index) to 30.213 Trillion USD (NYSE Composite Index)
(see Appendix Table D.1). All European and Asian markets in this study
are below the lower limit of this range. In particular, the largest Asian
market is the Shanghai Stock Exchange (SSE) with a market capital-
ization of 4.724 Trillion USD, and the largest European market is the

not have to correspond to the market count. For instance, Cao et al. (2019)
cover the NASDAQ Composite Index [USA], the S&P 500 [USA] and the Dow

Jones Industrial Average Index [USA], so this is accounted for once in the
count of the “USA” in Fig. 9 and overall three times in Fig. 10 (for each of
these indices once).

3 In the few cases where a certain exchange was supposed to be covered, no
specific index was mentioned and no composite index of the market as whole
exists, this study assumes that the main index of that exchange was used.
For instance, Gocken et al. (2016) state that they cover the Turkish market
(Istanbul Stock exchange), which we assume to refer to the BIST 100 index
containing 100 large companies traded on the Borsa Istanbul.
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Fig. 11. Frequency of indices by market capitalization.

main equity market of the London Stock Exchange (LSE) encompassing
3.625 trillion USD. The correlation between the mentions of markets in
the literature and their market capitalization is measured. The Pearson
correlation of 0.545 and the Spearman rank correlation of 0.503 both
indicate a moderate positive correlation between the frequency at
which these indices/exchanges are mentioned in scientific literature
and their respective market capitalization. Hence, there appears to
be a tendency that larger stock markets (in terms of their market
capitalization) are covered more often in the scientific literature than
smaller ones. However, not all markets follow this trend. An example

10

is the BIST 100 index from the Istanbul stock exchange, which is one of
the comparably smaller markets with 46.2 billion USD but is referred to
only six times. Conversely, the main equity market of the London Stock
Exchange is only referred to once, but it belongs, with 3.625 trillion
USD, to the larger stock markets considered in this study. It is also
apparent that the largest stock market of each region is usually not the
most investigated one. For North America, the largest index is the NYSE
Composite Index [USA], but the S&P 500 [USA] is referred to 8 times
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more.* For Asia, the largest index is the SSE Composite Index [China],
but the TAIEX [Taiwan] is referred to almost twice as often. The same
picture can be observed in Europe, where the LSE main market [United
Kingdom)] is the largest market in this region, but the DAX [Germany]
is referenced 3 times more often.

In the following paragraphs, all stocks that were explicitly covered
in our study - either as input to a stock market prediction model or as
the target variable itself — are analyzed in more detail.

Overall, the largest share of stocks belongs to North American
indices, closely followed by Asia. European and South American stocks
were also considered in the scientific literature. In comparison with the
indices presented in Fig. 10, it is apparent that the stocks covered in
the scientific literature are more commonly North American (50.8%,
excl. “Ceased to Exist”) versus Asian stocks (42.2%), whereas North
American stock markets (42.0%) were less frequently covered than
Asian stock markets (50.2%).

It is noteworthy that the category “Ceased to Exist” represents
stocks of companies that existed around the time a scientific article was
written but went bankrupt/ceased to exist up to the time this study
was conducted. This does not include stocks that were objects of a
merger or an acquisition, since these stocks in this study are simply
referred to by the company name after the merger or acquisition. This
category is highlighted as “North America” since three out of four of
the stocks contained in this group are from North America and only
one is European.

This study includes 187 stocks that were mentioned at least once
in one of the research papers considered in this study. However, of
these 187 stocks, only 41 are covered in more than one research paper,
which means that approximately 78% of stocks are only mentioned
once. Those 41 stocks, which are subsequently termed “Top 41”, and
their frequency of being referenced is presented in Fig. 12.

At first glance, it is apparent that only stocks from North America
and Asia were covered multiple times in the articles reviewed in this
study. The stock that is most often referred to is the technology stock
“Apple Inc”. with 13 references to it and belonging to the GICS (Global
Industry Classification Standard)® sector “Information Technology”.
The two companies “Microsoft” and “General Electric” belonging to
the GICS sectors “Information Technology” and “Industrials” are on
the second and third place, respectively. It is apparent and unsurprising
that the stocks that are commonly referenced in the scientific literature
are well-known, large cap stocks, i.e., companies with a large market
capitalization, from North America. Since the regions of the Top 41
stocks are not representative of the regions of all stocks (187 positions),
this warrants an investigation of the differences between the more
frequently mentioned stocks (Top 41) and all stocks in this study. First,
the distribution of the regions for both groups of stocks is highlighted
in Fig. 13.

The comparison of all 187 stocks with the Top 41 stocks that were
at least mentioned twice in the scientific articles, shows that the cate-
gorization into regions differs considerably between these two groups.
It is apparent that the Top 41 stocks neither contain any positions from

4 It should be remarked that most of the companies contained in the S&P
500 are traded on the NYSE and NASDAQ exchanges and, hence, are also
contained in the NYSE and NASDAQ Composite Indices. In case an index was
covered in a research paper, the authors of this paper counted the specific
index (e.g., S&P 500). In case a number of stocks were considered, and these
were contained in multiple indices, each stock is associated with the narrowest
of the indices (of the list of indices covered by the remaining scientific articles
in this study) it is contained in. For instance, the S&P 500 covers 500 of the
largest American companies and is narrower than the NASDAQ Composite
Index with more than 2000 securities covered. In case of multiple stocks with
the narrowest indices being in the same market, a majority vote was used to
only keep the most common index for the stocks in the same market.

5 https://www.msci.com/documents/1296102/11185224/GICS+Sector+
definitions+Sept+2018.pdf/afc87e7b-bbfe-c492-82af-69400ee19e4f

11

Expert Systems With Applications 197 (2022) 116659

Europe nor from South America, which previously at least accounted
for 2.1% and 3.2% of all stocks, respectively. In addition, the balance
between stocks from North America and Asia is tipped in favor of North
American stocks, as indicated in Fig. 12. Previously, Asia accounted for
42.2% of all stocks and North America for a slightly higher share of
52.4%. Conversely, the Top 41 contains only 12.2% (5) Asian stocks
opposed to 87.8% (36) for North America. This trend of having an
overweight of North American stocks only strengthens when higher
frequencies are selected. For instance, when the Top 12 stocks are
selected (threshold of 4 occurrences), this subset exclusively contains
stocks from North America and no other region. This finding suggests
that research is conducted on a set of stocks that is reasonably diverse
in terms of regions, but, at the same time, is very centered on North
American stocks.

Fig. 14 displays the frequency of the GICS sectors of all stocks
compared with the set of the Top 41 stocks.

According to the GICS sector classification, there are overall 11
sectors that a company can be attributed to. For this study, we added
one additional sector termed “Various (Conglomerate)” to account
for companies that engage in multiple GICS sectors and/or have sub-
sidiaries that do so. In our study, there were three stocks that belong
to this sector, namely Mitsu & Co. [Nikkei 225], Sony Corp [Nikkei
225], and Reliance Industries Limited [CNX NIFTY 50]. Overall, the
research articles contained in our study covered all 11 GICS sectors.
The largest sectors for all stocks are “Information Technology” with a
share of 18.2% (34), “Health Care” with 15.5% (29), and “Financials”
with 13.9% (26). Conversely, the three largest sectors in the Top 41 do
not contain “Financials” anymore and list “Health Care” with 24.4%
(10) at the top, followed by “Information Technology” with 19.5% (8)
and “Consumer Discretionary” with 14.6% (6).

Given that Apple Inc. and Microsoft are the top two stocks (see
Fig. 12), it is unsurprising to find a large share of “Information Tech-
nology” companies among the most referred to stocks. However, the
considerable share of “Health Care” appears, at first glance, surprising.
However, most “Health Care” stocks within the Top 41 are only re-
ferred to twice in the literature. Notably, the considerable number of
“Health Care” stocks is largely accounted for by two articles by Shynke-
vich et al. (2016) and Sedighi et al. (2019). The article of the former
authors exclusively contains 28 “Health Care” stocks, whereas the
paper of the latter authors simply covers the largest 50 American stocks,
which is a large proportion of the S&P 500 overall. By themselves,
these two papers together mention seven out of the 10 “Health Care”
stocks (or their acquisitions) in the Top 41 at least twice and the
remaining three out of 10 stocks once. Overall, it is apparent that
technology stocks embody a large share of the stocks that are very often
referenced in the scientific literature on stock market predictions. It is
also noteworthy that no stocks from the sectors “Materials”, “Utilities”,
and “Real Estate” are in the Top 41 stocks. Fig. 15 illustrates the
comparison of all stocks to the Top 41 stocks in terms of Index, GICS
sector, and region.

At first glance, the set of all stocks for each of the indices/exchanges
appears rather diversified in terms of the sectors, especially for the
S&P 500 [USA], the Nikkei 225 [Japan], and the KOSPI [South Korea].
However, it is noteworthy that for the TAIEX [Taiwan], which is the
fourth most common index in this study, the GICS sectors only contain
“Information Technology” (9) and “Industrials” (4). As highlighted
previously, the Top 41 stocks only contain stocks from “North America”
and “Asia”. In particular, of the original 16 indices, only five are linked
to the Top 41 stocks. These include the S&P 500, which is the most
common index in our study, as well as the KOSPI and Nikkei 225,
which are the second and third most common indices, respectively. In
addition, one stock of the CNX NIFTY 50 is contained in the subset
of the Top 41, which is surprising since this index and/or stocks from
it are covered in only a few publications. This stock is “Reliance
Industries Limited” [India], which is covered in the article by Patel
et al. (2015) as well as in the one by Selvamuthu et al. (2019). It is


https://www.msci.com/documents/1296102/11185224/GICS+Sector+definitions+Sept+2018.pdf/afc87e7b-bbfe-c492-82af-69400ee19e4f
https://www.msci.com/documents/1296102/11185224/GICS+Sector+definitions+Sept+2018.pdf/afc87e7b-bbfe-c492-82af-69400ee19e4f
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Fig. 14. All stocks vs the Top 41 stocks by GICS sector.

apparent that the S&P 500 still covers the same eight GICS sectors in
the Top 41 as it does in the set of all stocks. The four most common
combinations in the Top 41 are stocks from the S&P 500 in ‘“Health
Care” (10), “Information Technology” (5), “Communication Services”

(5), and “Consumer Discretionary” (5). It is worth mentioning that the
number of companies for a certain sector may not be representative of a
sector’s weight in the stock market or in a specific stock market index.
For instance, for a market capitalization-weighted index such as the

12
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S&P 500, the size (= market capitalization) of the company determines
its weight on the index, whereas for a price-weighted index such as the
DJIA the magnitude of the price determines its impact on the index
level. Thus, depending on the index, the actual weight of a sector may
be linked only indirectly to the number of stocks in that sector but
directly to the companies’ capitalizations or prices.

Overall, the analysis of the markets, indices, and stocks indicated
that the stock market prediction literature is focused on stocks from
“North America” and “Asia”. In addition, the S&P 500 is the most
investigated stock market index, and the most common stocks under
investigation are “Apple Inc.”, “Microsoft”, and “General Electric”,
which are three constituents of the S&P 500.

5.3. Variables for stock and index prediction

This literature review encompasses 138 scientific articles containing
2173 unique variables. Each variable was assigned to one of four
types: “Technical Indicator”, “Macro-Economy”, “Fundamental Indica-
tor”, and “Other”. The category “Technical Indicator” concerns vari-
ables used in finance as part of technical analysis of time-series data,
most commonly, on company stocks. In this study, this type is further
subdivided into the sub-types “Basic Technical Indicator” and “Other
Technical Indicator”, where the former focuses on essential indicators
such as closing, open, high and low prices, as well as volume, and
the latter includes other, on average, more sophisticated technical
indicators such as the relative strength index (RSI), moving aver-
ages, stochastic oscillators, etc. The variable type ‘“Macro-Economy”
is segmented the most. It contains, as sub-types, “Economic Perfor-
mance”, which focuses on performance indicators such as GDP and
industrial production, “Interest Rate & Money Supply”, which contain,
e.g., treasury bill rates and different variables indicating the circulation
of money, “Exchange Rate”, which contains exchange rates such as
USD/EUR, and “Commodity” which contain commodities such as pre-
cious metals (e.g., gold) or crude oil. The type “Other” has no sub-group
division and encompasses all other variables, including financial model-
related ones (beta in the capital asset pricing model (CAPM), excess
return, etc.) and machine learning ones (linear regression line, bag of
words, etc.). Fig. 16 displays the number of variables by sub-type.

It is apparent that the largest type by the number of features in
our study is “Technical Indicator” with 1348 variables (62.0%), in
particular “Other Technical Indicators”. The ‘“Macro-Economy” type
is with 279 variables (12.8%), ranked third, and these variables are
distributed well among the four sub-types. For the type “Fundamental
Indicator” with overall 157 variables (7.2%), the majority of variables
come from the financial reporting of companies, specifically from the
balance sheet and profit and loss statements.
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Fig. 16. Number of variables by sub-type.

The average number of features used in an article contained in this
study (excluding bag of words variables®) is approximately 29.1. The
minimum number of variables is one, which commonly concerns time-
series papers such as the one by Pai and Lin (2005), which only uses the
closing price to construct an ARIMA model. The maximum number of
variables is 780 in the paper of Sun et al. (2019) when papers with bag
of words variables are excluded. Fig. 17 illustrates how the (average)
proportion of the type, including the bag of words variables, differs
with the number of variables used in a research paper.

It is apparent that the proportions of the types used in the pa-
pers change as the overall number of variables in a paper increases.
Articles that incorporate less than 10 variables rely extensively on
“Technical Indicator” variables and only have a small share of “Macro-
Economy” variables. Towards the 100 variables used, the share of
technical variables continuously decreases, whereas “Macro-Economy”

® The four research works of Zhang, Zhang et al. (2019), Shi et al. (2019),
Zhou et al. (2018) as well as (Feuerriegel & Gordon, 2018) each contain several
thousand articles/tweets / news which are often converted into a bag of words
(text mining approach), meaning counts for the main terms in the text. Since
the number of the most important terms (usually several thousands and more)
exceeds the number of features in each of the remaining papers by far and can
be considered outliers, the average does not include them.
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and “Fundamental Indicator” type variables become more common.
For “100-499” variables, the trend appears to shift again to a higher
share of technical indicators. However, there are only three papers
belonging to this range of variables used, which is substantially less
than at least 10 papers for all the previous categories and makes this
trend less reliable. For the last category exceeding 499 variables in a
study, there are six papers. At first glance, it appears that only “Other”
variables are used. This is not entirely true since only five out of the
six of these papers are almost exclusively using the bag of words/text
mining approach to generate a comparably large set of features, often
exceeding hundreds or thousands of key terms. Hence, even though
at least the paper by Sun et al. (2019) is having a minority share of
“Other” variables, such as the bag of words among the 780 variables
in the paper, the large number of bag of words variables from the
remaining papers concedes only a negligible share to the other three
variable types. Even though the number of articles in this last category
is comparably low, it is plausible that especially approaches that can
lead to a large set of variables, such as text mining, will take a large
proportion of the variables in papers with large variable sets. In the
subsequent sections, all variable types and sub-types will be presented
and depicted in more detail.

5.3.1. Technical indicator variables

Basic technical indicator variables

The basic technical indicators contain 140 variables that express
essential price and volume information from stock markets and were
directly used as input variables. Such variables can be the close price
of the past day, i.e., the last recorded price at which a stock was traded
on that trading day, the high and low prices, which mark the maximum
and minimum price during that time period, the open price and the
volume, as well as variations in these variables. All these basic technical
indicator variables can be assigned to seven categories: “Close Price”
with 87 counts (24.4%) but only 20 variables, “Volume” with 76 counts
(21.3%) and 28 variables, “Range” with 61 counts (17.1%) but also
61 variables, “Open Price” with 51 counts (14.3%) and 11 variables,
“High Price” with 41 counts (11.5%) and 9 variables, “Low Price” with
39 counts (10.9%) and also 9 variables, as well as the “Bid/Ask Price”
minority category with only 2 counts (0.6%) for 2 variables. Fig. 18
shows all basic technical indicator variables that are mentioned at least
twice in the literature.

It is apparent that five basic variables are used considerably more
often than all the others. These are the close price with lag 1, i.e., from
the previous day/period, the high price with lag 1, the low price with
lag 1, the open price with lag 1, as well as the volume of a single
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period. Since these represent the most recent information for a forecast
of the next period, these variables are more commonly used than those
with higher lag values, longer time periods, or less commonly available
information such as the number of trades.

Other technical indicator variables

This section contains all technical indicators that can, on average,
be considered more sophisticated than basic technical indicators, and
often require some form of processing of the basic information such
as the closing prices or volume. It encompasses all financial technical
indicators that were not part of the basic technical indicators analyzed
in the previous section and embodies the largest single group with 1208
variables. These indicators can be grouped into four main categories:
The “Momentum Indicator” (46.4%), which measures the speed with
which a price is changing over time, the “Trend Indicator” (25.7%),
which focuses on the direction and strength of a change, the “Volatility
Indicator” (18.0%), which measures how much a variable, such as
price, is changing and fluctuating during a certain time period, and
the “Volume Indicator” (9.5%), which focuses on the volume that is
associated with changes. Since this category contains a large number
of variables but most of these have been used in the literature only
once, the subsequent analysis focuses only on variables that were at
least deployed twice. This is true for only 187 out of the 1208 variables
(15.5%). Fig. 19 displays the 31 variable subcategories that these 187
technical indicators can be assigned to.

The subcategory that is by far the largest is the “Return” category,
which contains variables such as return over the last period (14 counts)
and the return over the last 10 periods (12 counts). The second largest
category is the “Simple Moving Average” (SMA), for which the 10-
period SMA (26 counts), and the 5-period SMA (22 counts) of the
original prices are the most common representatives. Ranked third is
the “Relative Strength Index” (RSI) with 14 periods (30 counts), 6
periods (11 counts) and 5 periods (11 counts) being the most commonly
applied time windows. Overall, it is apparent that the “Momentum”
and “Trend” indicators constitute the majority of the 187 technical
indicators. Fig. 20 displays the Top 30 variables by count of all the
variables in this section.

Unsurprisingly, all of the variables mentioned before can also be
found in the Top 30 variables. In particular, the RSI of 14 periods
ranks first among all technical indicators.” The second, third, and fourth
ranked variables are all “Trend” indicators, including the SMA with 10
periods and with 5 periods, as well as the MACD based on the difference
between a 12-period EMA and a 26-period EMA using a 9-period EMA
signal line.® Besides that, there are many return variables with different
time frames (including 1, 5, 10, 15, and 20 periods), different Stochastic
%K and Stochastic %D indicators with different time frames, Williams
%R and exponential moving averages (EMA) with periods of different
lengths. It is apparent that the most deployed technical indicators focus
on the “Momentum” of prices as well as the “Trend” that a time series
is following. Only very few “Volume” and “Volatility” indicators are
included among the Top 30 variables.

In addition to the presented results of technical indicators in our
review, it is worth mentioning additional studies (Ahmadi et al., 2018;
Chavarnakul & Enke, 2018; Picasso et al., 2019) that used technical
analysis to examine stock market behaviors.

7 It should be remarked that the RSI with 14-period is assumed as the
standard RSI. In a few cases when the RSI was used in a publication, but
the time period was unspecified, it was assigned to the RSI (14-period).

8 It should be remarked that the MACD (12-EMA - 26-EMA, 9-EMA) is
assumed as the standard MACD. In a few cases when the MACD was used
in a publication, but the EMA periods were unspecified, it was assigned to the
MACD (12-EMA - 26-EMA, 9-EMA).
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Fig. 19. Subcategories of technical indicators.

5.3.2. Macro-economic variables

Exchange rates

The articles analyzed contained overall 53 unique variables related
to exchange rates. These exchange rates include 12 currencies: 11
single currencies (such as the US Dollar) and one basket of currencies.
This basket of currencies contains six currencies for the US Dollar
Index, which compares the US Dollar with six major currencies (Euro,
Japanese Yen, British Pound Sterling, Swiss Franc, Canadian Dollar,
and Swedish Krona). The most common currency considered for ex-
change rates is the US Dollar, which was contained in 51 out of 53
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exchange rate-based variables (96.2%), followed by the Japanese Yen
with 14 (26.4%) and the Chinese Yuan with 10 occurrences (18.9%).
Fig. 21 displays the specific exchange rates covered and the regions are
involved.

First, it is apparent that the US Dollar to Japanese Yen is the most
frequently used exchange rate, followed by the US Dollar to the Chinese
Yuan and the US Dollar to the Canadian Dollar. On a regional level, the
exchange rates were mainly focused on North America to Asia with 24
counts (45.3%), followed by North America to Europe with 14 counts
(26.4%). Looking further onto the variable level, the most common
variables included in stock market prediction are the %-change in the
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exchange rate: USD/JPY, USD/GBP, and USD/CAD with 5 counts each,
as well as the exchange rate USD/JPY with lag 1, also with 5 counts.

Commodities

There are overall 33 unique variables covering commodities in this
study, which encompass precious metals and energy-related commodi-
ties such as crude oil and gas. The largest share of these (57.6%) are
represented by indices (such as the United States Commodity Index)
or via exchange traded funds (ETFs). Using the commodity prices for a
single commodity is the second most common way to incorporate these
variables (36.4%), and using commodity futures is the least common
approach (6.1%). Fig. 22 displays all 33 commodity-based variables
and the type of commodity they represent.

Overall, it is apparent that crude oil is with 20 occurrences (42.6%),
the commodity that is most often referred to in our study. In addition,
gold has, with 14 mentions (29.8%), a considerable share in the stock
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market prediction literature. The four remaining commodities only
account for approximately one quarter of all mentions in the literature.
Commodities indices covering a basket of commodities account for
14.9%, silver for 6.4%, gas for 4.3%, and copper for only 2.1%. There
are three variables that were most often considered in the stock market
prediction literature in our study. These are the %-change in the crude
oil price, the gold price, as well as the crude oil price with lag 1,
i.e., from the previous period.

Economic performance

In this category of macro-economic variables, there are 98 unique
variables relating to roughly five categories. These categories are (1)
“National Productivity”, (2) “Trade”, (3) “Income & Investment”,
which includes private and governmental income as well as foreign
investments and governmental spending, (4) “Labor Market”, and the
(5) “Sector” performance of selected sectors in an economy. Since
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a measure for the industrial output, and “Consumer Price Index,’” a
measure for inflation, both accumulate a count of 7 and share the first
rank. The “Producer Price Index” as a measure of the change of selling
prices that producers receive, is ranked third. It is noteworthy that the
national “Unemployment Rate” is the only “Labor Market” variable
Type that is contained in the Top 7. Variables from the categories “Trade”

Income & Investment

l Labor Market

[ Wationat Produciviy

Count

Economic Performance

Fig. 23. Top 7 Economic variables.

“National Productivity” is the broadest of these categories, it is un-
surprising that it encompasses 35 variables (35.7%), which is largest
number of variables. “Trade” is with 28 unique variables (28.6%),
ranked second, followed by “Sector” with 18 variables (18.4%) and
“Investment & Spending” with a count of 15 (15.3%). The last category
“Labor Market” only contains two variables (2.0%) and is by far the
smallest category. Fig. 23 depicts the Top 7 variables by count for
Economic Performance, which are the variables that were deployed
at least twice in the articles covered in our study. Once again, it is
apparent that only a small share of variables is used multiple times
throughout all journal articles.

Roughly, only 7.1% of the variables in this category are used at least
twice in the scientific literature that this study investigated. Of these
seven variables, the three most common ones all belong to the cat-
egory “National Productivity”. In particular, “Industrial Production”,
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and “Sector” are not contained in the set of variables that is at least
deployed twice in the literature.

Since only seven out of 98 variables are mentioned at least twice,
the counts for all subcategories of the Economic Performance are
illustrated in Fig. 24 to provide a more detailed picture of all the
variables.

It is unsurprising that the subcategories “Consumer Price Index”
and “Industrial Production” belong to the set of most referred to
subcategories. The third largest subcategory within “National Produc-
tivity” is the “Gross Domestic and National Product”, which includes
all variables related to the GDP and gross national product (GNP).
This subcategory is comparably large, since it encompasses several
variables that were only used once in the literature, such as the GNP
deflator, real GDP, as well as changes in GDP and GNP over 3, 6, and
12 months. Considering the counts of all variables, the subcategories
belonging to the category “Trade”, namely “Export” and “Import”,
also appear relevant. “Export” represents 14 counts with variables such
as real exports, export volume, export amount, and export growth
rate. The subcategory “Import” accounts for 10 mentions with similar
variables, including real imports, import volume, import amount, and
import growth rate. The category “Income & Investment” consists of
three subcategories that focus on “Government Spending & Income”,
in absolute terms or in relation to the GDP; “Private Spending &
Income”, including the change of private spending over 3, 6, and 12
months; and “Foreign Investment”, which consists of the approval of
foreign investments as well as related discount rates for investments.

9 Note that even though it is widely accepted that in the last decades the
short-term interest rates respond to inflation, interest rate shocks seem not to
significantly impact inflation (Bataa et al., 2019). Moreover, interest rates lag
inflation and economic activity (Bataa et al., 2019) and it is not necessarily a
one-to-one change, which provides support to consider inflation (in terms of
CPI) and interest rates separately
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The “Labor Market”-related variables can be exclusively grouped into
the subcategory “Unemployment” and cover the national and foreign
unemployment rates.

Interest rates and money supply

In this category, there are 55 variables used in the literature that
were used in overall 96 different forms (e.g. prices, differences, %-
changes, yields etc.) in the corresponding studies. The variables belong
to seven categories defined by the authors of this study. These cate-
gories are “Certificate of Deposit”, ‘“Corporate bond”, “Default spread”,
“Money Supply”, “Term Spread”, and “Treasury”. Certificates of de-
posit, corporate bonds as well as treasuries are financial instruments
that enable investors to invest their funds with the objective to either
obtain interest/coupon payments and/or capital gains from a bank,
corporation, or government, respectively. Term spreads refer to the
differences in yields of securities with different time horizon (maturity)
whereas default spreads refer to the difference of risk associated with
different investments.

Fig. 25 displays the 28 variables that were mentioned at least twice
in the articles contained in this study.

It is apparent that only variables from six categories are mentioned
at least twice and that the “Loans & Interest Rates” category is miss-
ing entirely. The “Treasury” category containing governmental debt
obligations, such as treasury bills (maturity of up to 1 year), treasury
notes (maturity of 2 to 10 years), and treasury bonds (maturity of
more than 10 years), embodies the largest category. In addition, it
contains the six largest variables overall, with the 3-month treasury
bill ranking first, followed by the 10-year treasury note and the 5-year
treasury note. It is apparent that short- and medium-term government
securities are the most commonly used, whereas the long-term 30-year
treasury bond represents the least discussed security in this category.
The second largest category is the “Default Spread”, which highlights
the differences in the yield between securities with different risk levels.
In most cases, the spread is measured between corporate bonds with a
rating Baa, which is a relatively low-risk bond compared to govern-
mental securities, which commonly - also in case of the USA - have a
better credit rating at Aaa/AAA (or comparable), indicating the highest
credit worthiness and the lowest level of risk. Beside the fact that in
most cases the spread to a corporate bond of quality Baa is used as
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reference, there appears to be no clear preference with respect to the
maturity of the treasury it is compared with. However, in most cases, a
short-term treasury bill with a maturity ranging from one to six months
is used. In addition to comparing default spreads, term spreads are
apparently a common variable choice for stock market predictions. The
“Term Spread” category contains variables that represent the difference
in the rates of treasuries with different maturities. The most common
one appears to be a medium- vs short-term spread between a 10-year
treasury note and a 3-month treasury bill. The remaining variables
presented in Fig. 25 mainly highlight other debt instruments such as
certificates of deposit (CDs) and corporate bonds, as well as money
supply variables such as M1 and M2 money supply, indicating the value
of the money available (e.g., in circulation).

5.3.3. Fundamental indicator variables

Stock information variables

This section includes variables that are based on or related to the
stock of a company that is traded on a public stock exchange. There
are 26 variables in this category that can be grouped according to
six categories: “Price Ratio” with 18 counts (30.5%), “Earnings” with
13 counts (22.0%), “Market Value” with 10 counts (16.9%), “Divi-
dend” with 8 counts (13.6%), “Book Value” with 5 counts (8.5%), and
“Number of Stocks & Shareholders” with 5 counts (8.5%). The twelve
variables that were used at least twice in the articles in this study are
presented in Fig. 26.

The category “Price Ratio” has the largest share in the subset of
variables used at least twice. In particular, the price/earnings ratio,
often termed as the PE Ratio, which sets into relation the price of a
share to the earnings per share, is by far the most common variable
in this category. The price/sales ratio, the earnings-per-share (EPS),
and the market value of the stock, i.e., the market capitalization, are
all ranked second after the PE ratio. In addition, it is apparent that
a company’s earnings play a front role in the stock and stock market
prediction literature, given that six out of 12 variables mentioned
twice in the literature use some form of the earnings (included as
part of a price ratio). Overall, each of these variables is either related
to the earnings power of a company, its ability to pay dividends to
shareholders, or its value (book and market).
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Balance sheet and profit and loss statement variables

This section contains variables related to the financial reporting
of companies, in particular, the balance sheet and the profit and loss
(P&L) statement. The 131 variables contained in this category were
assigned to eight categories. Of these categories, “Profitability Ratio” is
with 44 variables (33.6%), the largest, mostly containing some measure
of income or profit that is set into relation with some other income
or capitalization measure to indicate the company’s ability to achieve
financial profit/gain. The second and third largest categories are “Cap-
italization Ratio” with 22 variables (16.8%), indicating how and how
well a company is capitalized, and “Activity Ratio” with 19 variables
(14.5%), showing how well a company deploys its assets to generate
sales or cash. The remaining categories by size are “Liquidity Ratio”
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(9.9%), “Growth Ratio” (9.9%), “Profitability” (8.4%), which measures
the profitability in absolute and not in relative terms (as a ratio),
“Investment & Financing”, (3.8%), and “Capitalization” (3.1%). Since
the vast majority of variables concerning capitalization and profit were
ratios (e.g., debt- to-equity ratio, operating income to total assets, etc.),
the authors decided to keep them separate from the capitalization and
profitability variables that were presented in absolute terms (e.g., total
assets and operating profit). Of all 131 variables, only 43 (32.8%) are
mentioned at least twice in the scientific articles in this study. These
43 variables and their types are displayed in Fig. 27.

The quick ratio, a “Liquidity Ratio” indicating a company’s ability
to cover its short-term liabilities with highly liquid assets, ranks first
with eight counts. The variables ranking second are the current ratio
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Fig. 27. Balance sheet and profit & loss variables.

(“Liquidity Ratio”), debt-to-total assets ratio (‘“Capitalization Ratio”),
the return on assets (“Profitability Ratio”), and the total asset turnover
ratio (“Activity Ratio”). It is noteworthy that the three largest cate-
gories are on par with each other with a count of 31 for the category
“Profitability Ratio”, a count of 30 for the “Capitalization Ratio” and
a count of 29 for the “Activity Ratio”. The “Liquidity Ratio” only
encompasses 23 counts, whereas all other categories encompass 11
or less counts. Hence, the relative profitability of a company, how
relatively well it is funded, and its relative ability to use its assets
appear to be the most relevant variables from financial statements for
stock and stock market predictions.

5.3.4. Other variables

There are two sets of variables that were not included in the
previous categories presented. The first one contains the stocks and
market variables used as input for a stock market prediction model.
In their prediction models on the S&P 500 ETF, Zhong & Enke (2017,
2019) used seven major global equity market indices (HSI, SSE, CAC
40, FTSE 100, DAX, DJIA, NASDAQ) as well as eight of the largest
stocks contained in the S&P 500 (Apple, Microsoft, Exxon Mobile,
General Electric, Johnson & Johnson, Wells Fargo, Amazon, JP Morgan
Chase). Niaki and Hoseinzade (2013) also use a combination of major
world indices containing six of the same market indices (HSI, CAC
40, FTSE 100, DAX, DJIA, NASDAQ) and most of the same stocks
(Microsoft, Exxon Mobile, General Electric, Johnson & Johnson, Proctor
& Gamble). A similar approach is pursued by Baek and Kim (2018)
for their KOSPI 200 and S&P 500 prediction for ten of the largest
constituents of each of these indices.

Conversely, several papers only made use of other market indices
without relying on index constituents or other large cap stocks. This ap-
proach was followed by Lohrmann and Luukka (2019), who deployed,
in their S&P 500 prediction model, basic technical indicators and re-
turns from six major equity markets (DAX, Nikkei 225, HSI, FTSE 100,
Euro STOXX 50, Russell 2000) as well as the Vanguard Total World
Stock ETF, the iShares MSCI Emerging Markets ETF, and the volatility
index VIX. Rosillo et al. (2014) use three variables based on the VIX
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index to also predict the S&P 500. Hoseinzade and Haratizadeh (2019)
predict five major stock market indices using the return information
of 10 major stock market indices including those that are predicted. A
similar number of major stock market indices is incorporated into the
Bayesian Network of Malagrino et al. (2018) to predict the direction
of the daily movement of the IBOVESPA index. They deployed a set
of up to 12 other stock markets for their predictions. The authors (Na
& Sohn, 2011) predict the KOSPI using the directional information of
eight global stock market indices (DJIA, Nikkei 225, SSE, TAIEX, HSI,
CAC 40, FTSE 100, DAX). Conversely, Huang et al. (2005) include
only a single stock market into their predictions. In particular, for the
prediction of the Nikkei 225, these authors use the S&P 500 index
as one of the model inputs. Essentially the opposite is done by Tsai
and Hsiao (2010), who use information on the TAIEX to predict stocks
traded on the Taiwan Stock Exchange. Lastly, Zhang, Shao et al. (2019)
incorporate into their SZ50 prediction not only the Dow Jones Indus-
trial Average Index but also information on 30 technical indicators that
were derived from it.

It is interesting to note that Zhang, Shao et al. (2019) additionally
used information from financial news using a bag of words approach.
Several other authors also included and followed a bag of words
approach for their predictions. Feuerriegel and Gordon (2018) used
80,813 ad-hoc announcements for their prediction of the DAX, CDAX,
and Euro STOXX 600. Another noteworthy use of textual information
was implemented by Shi et al. (2019), who used 341,310 news arti-
cles as well as additional stock-related tweets (from Twitter) for the
prediction of stocks in the S&P 500.

In addition to the bag of words approach, other model variables
and measures are incorporated in this category. From the comparably
few that were referred to at least twice in the literature, the most
noteworthy are the Sharpe ratio (with different lags), offering a com-
parison of the return of an investment above the risk-free rate to the
risk associated with that investment, as well as variables related to the
capital asset pricing model (CAPM). In particular, the excess return,
i.e., the return above the risk-free rate, as well as the beta factor
and the expected return of a company according to the CAPM were
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used. Finally, other model variables, such as those from the GARCH
model, the EGARCH model, and linear regression, can be found in the
literature.

The efficacy of social media data for stock market prediction

The rise of micro-blogging websites and social media produces a
vast amount of data and information (Carta et al., 2021a), which
often contains individuals’ opinions. Some studies (see, e.g., Yuan,
Liu et al., 2020) have already studied how social media activities of
influential people affect market movements. In addition, web- and text-
mining-based prediction models in stock market prediction studies have
received much attention recently due to the rise of financial activities
and discussions in social media and online platforms (Huang & Liu,
2020). Given this, in this sub-section, we specifically focus on studies
that used social media data for stock market forecasting.

In Section 5.3.4, we already presented some study examples of stock
market forecasting based on financial news (Zhang, Shao et al., 2019),
ad-hoc announcements (Feuerriegel & Gordon, 2018), and stock-related
news and tweets (Shi et al.,, 2019). In addition, we further explored
some related works, which are summarized next. Even though these
additional papers were not part of the reviewed literature in our study,
we examine them to provide additional evidence in favor of the recent
trend in stock market predictions using social media data.

A study by Li et al. (2017) used Twitter data to forecast stock
price movements of 30 companies listed on the NASDAQ or the New
York Stock Exchange and confirmed the effectiveness of textual data
on stock price changes. Zhang et al. (2018b) extracted sentiments
from web news and social media to develop a stock price prediction
framework. They collected stock-related events and web news from the
Chinese financial discussion board (Guba) to extract stock-related posts.
(Carosia et al., 2019) also attempted to examine to effects of social
media sentiments (in tweets) on the Brazilian stock market, conducting
several experiments with different machine learning techniques.

Similar to news data, social media data in the literature come in var-
ious forms. Even though most of the existing research used Twitter data,
some studies explored data from other social media platforms such as
StockTwits. For example, Carta et al. (2021a) proposed a method to
detect highly relevant events in finance using the textual information
extracted from traditional news articles and Stocktwits messages. This
proposed approach was validated in the experiment conducted on the
data from News and Analytics, Dow Jones, StockTwits, and the price
time series of the S&P 500 index. Huang and Liu (2020) used chip
indicators, social media reviews, and replies as a source of research data
to develop an improved stock forecasting model based on sentiment
analysis. Based on the findings, they highlight a correlation between
sentiment scores and stock price movements.

5.3.5. Granularity of the data used

The time series data used for stock market forecasting can not only
concern different time periods in history but also different granularity
(5-minute frequency, daily, weekly, monthly). The dot plot in Fig. 28
illustrates, for the selected studies, the combination of granularity and
the length of the time horizon for the data contained in the corre-
sponding study. Most studies focused on daily predictions, with some
studies using such data for a period of several months (see, e.g., Hsieh
et al., 2011; Lai et al.,, 2009) or even several years, for example, five
years (see e.g., Chang & Wu, 2015) or 10 years (see, e.g., Zhong &
Enke, 2017b). The second most common frequency of the data was
of monthly predictions. For monthly data, each study covered enough
monthly observations to span a time horizon of more than 10 years,
with a maximum period length of 80 years (from 1926 to 2005) in
the study of Yu et al. (2009). Other periodicities were less common
in our study. It is noteworthy that three out of the four studies that
used 5-minute frequency data utilized deep learning as the forecasting
technique.
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5.4. Review of machine learning techniques

The second main objective of our review study was to provide
a thorough presentation of the machine learning-based forecasting
models deployed in the literature for stock market forecasting.

We classified all prediction models in our set of reviewed articles
into regression (supervised learning), classification (supervised learn-
ing), or clustering (unsupervised learning) according to the type of
prediction used. Fig. 29 displays a pie chart showing the percentages
of each of these model types in the selected articles. As highlighted
in the pie chart, regression type studies account for the majority of
cases (54.3%). Classification-based studies still account for a large share
(44.3%), whereas clustering models only covered approximately 1.4%
(two studies only).

Table 7 lists the main machine learning methods deployed in the
literature as well as the publications that contained these methods.
The references were allocated to the method, which was the main
approach applied for the prediction in the corresponding article. It
is apparent that neural networks were the most widespread machine
learning technique applied for stock market predictions. In 39 of the
138 studies, neural networks constitute the main machine learning
method. In addition to simple neural networks (which commonly use
only a single hidden layer), there are 15 recently published articles
that focus on deep learning (neural networks with several hidden
layers) to conduct stock market forecasting. Most of the remaining
studies covered either SVM or fuzzy-theory-based methods, accounting
for 24 and 23 articles, respectively. The last category, “Others”, con-
tains the studies that developed novel machine learning methods or
simultaneously applied several approaches to compare the predictive
performance.

5.4.1. Neural networks

Early studies in stock market research have used ANN models alone
to predict stock prices or their movements (Altay & Satman, 2005;
Cao et al., 2005; de Faria et al., 2009; Fadlalla & Amani, 2014; Kara
et al., 2011; Maknickiene & Maknickas, 2013; Nermend & Alsakaa,
2017; Niaki & Hoseinzade, 2013; O’Connor & Madden, 2006; Olson &
Mossman, 2003; Safer, 2002). Besides, several authors have combined
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Table 7
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Summary of article counts with machine learning techniques and relevant references.

Reference

Main method Article count
Neural Network 39
SVM/SVR 24
Fuzzy theory 23
Deep Learning 15
Feature selection 6
Classifier ensembles 5
Text Mining 2
Bayesian Network 2
KNN 2
Clustering 2
PCA 1
Others 17

Armano et al. (2005), Cao et al. (2005), Chang et al. (2009), Chen
et al. (2003), Chiang et al. (2016), de Faria et al. (2009), Ebadati
and Mortazavi (2018), Ebrahimpour et al. (2011), Enke and
Thawornwong (2005), Gocken et al. (2016), Hsieh et al. (2011), Hu
et al. (2018), Hyup Roh (2007), Kara et al. (2011), Kim and Han
(2000), Laboissiere et al. (2015), Lam (2004), Liao and Wang
(2010), Lu and Wu (2011), Maknickiene and Maknickas (2013), Mo
and Wang (2018), Mostafa (2010), Nermend and Alsakaa (2017),
Niaki and Hoseinzade (2013), O’Connor and Madden (2006), Olson
and Mossman (2003), Pei et al. (2017), Qiu and Song (2016), Qiu
et al. (2016), Ramezanian et al. (2019), Safer (2002), Selvamuthu
et al. (2019), Sun (2014), Sun et al. (2019), Ticknor (2013), Wang
and Wang (2015), Wang et al. (2011), Zhou et al. (2019)

Cao and Tay (2001), Chai et al. (2015), Chang and Wu (2015),
Chen et al. (2017), Chen and Hao (2018), Das and Padhy (2018),
Gowthul Alam and Baulkani (2019), Huang et al. (2005), Kao et al.
(2013), Kazem et al. (2013), Kim (2003), Lu (2013), Lu et al.
(2009), Pai and Lin (2005), Pan et al. (2017), Rosillo et al. (2014),
Rustam and Kintandani (2019), Sedighi et al. (2019), Tay and Cao
(2001), Xiong et al. (2014), Yeh et al. (2011), Yu et al. (2009),
Zhang, Shao et al. (2019), Zhang, Teng, and Chen (2019)
Anbalagan and Maheswari (2015), Atsalakis and Valavanis (2009a),
Cagcag Yolcu and Alpaslan (2018), Chang and Fan (2008), Chang
and Liu (2008), Chang et al. (2016), Chen and Chen (2015), Chen
et al. (2014), Chu et al. (2009), Efendi et al. (2018), Hadavandi

et al. (2010), Javedani Sadaei and Lee (2014), Kaur et al. (2016),
Lai et al. (2009), Pal and Kar (2019), Rajab and Sharma (2019),
Rubio et al. (2017), Wang (2002), Wei et al. (2011), Yang et al.
(2011), Ye et al. (2016), Zhang, Zhang et al. (2019)

Baek and Kim (2018), Borovkova and Tsiamas (2019), Cao and
Wang (2019), Chen et al. (2019), Chong et al. (2017), Chung and
Shin (2018), Fischer and Krauss (2018), Gunduz et al. (2017),
Hoseinzade and Haratizadeh (2019), Lien Minh et al. (2018), Shi
et al. (2019), Singh and Srivastava (2017), Song et al. (2019), Wen
et al. (2019), Zhong and Enke (2019)

Barak and Modarres (2015), Huang and Tsai (2009), Lohrmann and
Luukka (2019), Tsai and Hsiao (2010), Weng et al. (2017), Zhang
et al. (2014)

Barak et al. (2017), Basak et al. (2019), Chun and Park (2005),
Khaidem et al. (2016), Tsai et al. (2011)

Feuerriegel and Gordon (2018), Shynkevich et al. (2016)
Malagrino et al. (2018), Zuo and Kita (2012)

Cao et al. (2019), Zhang et al. (2017)

Vilela et al. (2019), Zhong and Enke (2017a)

Zhong and Enke (2017b)

Anish and Majhi (2016), Aratjo (2011), Aratjo et al. (2015), Bisoi
et al. (2019), Chen and Hao (2017), Chou and Nguyen (2018),
Enke et al. (2011), Gocken et al. (2019), Gorenc Novak and
Veluséek (2016), Hassan et al. (2007), Leung et al. (2000), Na and
Sohn (2011), Patel et al. (2015), Son et al. (2012), Yang et al.
(2019), Zhang et al. (2018a), Zhou et al. (2018)

neural networks with other soft computing techniques to improve their
prediction model. Such research studies are illustrated in more detail in
Fig. 30, together with the auxiliary methods they incorporated. Studies
that proposed a novel approach were highlighted in the figure as well.

Kim and Han (2000) proposed an ANN approach combined with a
genetic algorithm (GA) for the prediction of stock prices. The GA was
deployed here not only to optimize the model parameters but also to
discretize the feature space. Qiu and Song (2016) also optimized an
ANN using GA for the prediction of the direction of the Japanese stock
index price. A similar approach (GA + ANN) was also proposed by Eba-
dati and Mortazavi (2018) in the context of stock market forecasting.
In the study by Lam (2004), the rule extraction technique GLARE was
used to compensate for a parameter misspecification and noise in the
data during the training of the neural network. Furthermore, the study
by Wang et al. (2011) proposed a novel prediction model called the
wavelet de-noising-based backpropagation (WDBP) neural network. In
this model, a wavelet transform was applied to decompose the data into
multi-layer signals. Subsequently, this backpropagation neural network
was applied to newly generated low-frequency signals in each layer
to forecast future prices. Chiang et al. (2016) proposed an adaptive
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intelligent stock-trading decision support system that utilized a first
wavelet transformation and then a particle swarm optimization (PSO)-
based neural network to predict the stock price direction. Here, PSO
was integrated into the neural network training algorithm to address
the shortcomings of the backpropagation algorithm.

Armano et al. (2005) presented a hybrid model that integrates an
extended classifier system (XCS), a GA, and a neural network to predict
stock index prices. In this NXCS model, the XCS used a GA to optimize
a rule-based system to overcome the reinforcement learning problems
in a feed-forward neural network. Two of the challenges faced in stock
price prediction is the volatility and the inherent noise in the data. A
common consequence for neural networks using such data is that they
easily over-fit, which reduces the prediction capability of these mod-
els. Ticknor (2013) addressed these problems by employing Bayesian
regularization in the training of the neural network. In this approach,
Bayesian regularization was used to assign the weights of the network,
which then allowed the network to optimize the model. Laboissiere
et al. (2015) analyzed the capabilities of the ANN as well as the
selection of the most influential variables for the prediction of the daily
minimum and maximum stock prices. In this study, a correlation-based
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feature selection method was applied to select the most critical vari-
ables for three Brazilian companies. Gocken et al. (2016) used harmony
search (HS) for the first time with an ANN to achieve better results in
stock market forecasting compared with using neural networks alone.

Liao and Wang (2010) attempted to improve the forecasting abil-
ity of neural networks using a stochastic time-effective function and
introduced a novel prediction method called the STENN model. The
purpose of the stochastic time effective function was to avoid the
loss of useful information in the selection of time-variant data during
the training. STENN approach was developed further using principal
component analysis (PCA) by Wang and Wang (2015) to forecast the
SSE, HS300, S&P500, and DJIA indices. The empirical results obtained
with the proposed PCA-STNN model indicated that his model outper-
formed the traditional BPNN, PCA-BPNN, and STENN models. A study
by Mo and Wang (2018) also considered improving the predictive
performance of the STENN model by introducing a return scaling cross-
correlation function of an exponential parameter to forecast the return
scaling cross-correlations between the Shenzhen Stock Exchange (SZSE)
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Component Index and the Shanghai Stock Exchange (SSE) Composite
Index.

Chen et al. (2003) attempted to predict the direction of stock
price return using a probabilistic neural network (PNN) model. In
the proposed approach, they deployed a statistical procedure, Akaike’s
minimum final prediction error (FPE), to select potential input features
from the data and calibrate the specifications of the model. Enke and
Thawornwong (2005) examined the effectiveness of the generalized
regression neural network (GRNN) and PNN models for level estimation
and classification with respect to their capability to predict the monthly
direction of the S&P 500 stock index return. They used the PNN and the
GRNN for classification and level estimation, respectively. The results
in this study indicate that the trading strategies using neural network in
the context of classification achieve higher profits in the same market
conditions compare with level-estimation-based neural network models
as well as linear regression models and a buy-and-hold strategy. The
GRNN model has also been used in Mostafa (2010) to predict the
movement of the Kuwait Stock Exchange closing price. The author
found the forecasting performance of the GRNN method to be superior
to that of the multi-layer perceptron (MLP) neural network model.
It was also shown that a quasi-Newton training algorithm achieves
higher accuracy in prediction compared using quick propagation and
conjugate gradient descent training algorithms.

Hsieh et al. (2011) integrated the Taguchi method (frequently used
in design of experiment (DOE), based models) with a BPNN to improve
the quality of the optimization process in the network and achieved
more robust predictions. Sun (2014) developed a novel hybrid fore-
casting model called BSO-GNN based on the brain storm optimization
(BSO) algorithm, the Grey model, and an ANN. Taking advantage of the
ability of the Grey model to handle data with small samples, this study
first introduced a Grey neural network (GNN) model to forecast daily
stock index prices. The BSO was utilized to overcome some drawbacks
in the parameter optimization of the GNN approach. Furthermore, Hu
et al. (2018) presented an improved sine cosine algorithm (ISCA) for
weight optimization in the BPNN model, introducing the novel ISCA-
BPNN approach to predict the movements of the opening price of the
S&P 500 and the Dow Jones Industrial Average Index (DJIA). Following
a more econometric approach, Sun et al. (2019) developed a machine
learning algorithm named ARMA-GARCH-NN to detect intra-day pat-
terns to predict stock market shocks. The proposed method was formed
using an ARMA-GARCH model (that estimated the market shocks),
the forward selection minimal-redundancy-maximal-relevance criterion
(FSMRMR), conditional mutual information maximization (CMIM), an
ANN, and a nearest-k cross-validation (NK-CV). Both FSMRMR and
CMIM were utilized to select the most relevant features from the data,
and NK-CV was used as a novel cross-validation technique.

Hyup Roh (2007) studied the predictive power of the ANN, combin-
ing it with time-series models such as exponentially weighted moving
average (EWMA), GARCH, and EGARCH. The author concluded that
integrating time-series models with ANN can help in effectively fore-
casting the volatility of stock index prices. A study by Chang et al.
(2009) combined dynamic time window (DTW), case-based reasoning
(CBR), and an ANN to create an integrated approach termed CBDWNN
for forecasting stock trading signals. In this approach, a case base
dynamic window was operated to reduce false alarms with respect to
buying and selling signals in the backpropagation neural network. Lu
and Wu (2011) proposed an efficient cerebellar model articulation con-
troller neural network (CAMC NN) for forecasting stock index prices.
On account of its noise resistance, fast learning, and generalization
capability, this study used the CAMC NN scheme to predict stock index
prices. Also, the least mean squares (LMS) algorithm was applied as the
learning rule in this scheme to update the weights. An effort by Qiu
et al. (2016) addressed the problem of the non-linearity of historical
time-series data by applying the ANN with a GA or simulated annealing
(SA) and fuzzy surfaces. GA and SA were introduced here to achieve
optimal weights and biases to enhance the predictive performance of
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the ANN. In addition, the fuzzy surface was utilized to select relevant
input variables.

Ebrahimpour et al. (2011) experimented with three variants of
ANNSs: stack generalization, modified stack generalization, and a mix-
ture of multi-layer perception (MLP) Experts'® for forecasting the
Tehran stock market. The mixture of MLP experts was effective com-
pared with the other methods in the experiment. Pei et al. (2017)
investigated the prediction of stock prices using an improved Legendre
neural network with a random time strength function (LeNNRT). As
they reported, timely effectiveness and randomness in the learning
process for updating weights of the network were the key advantages
of using the LeNNRT method.

Lastly, we focus on three studies that proposed modern ANN struc-
tures for stock market predictions. Emphasizing the challenges posed
by non-stationary and high noise in stock data, Zhou et al. (2019)
introduced a new hybrid model named the empirical mode decom-
position based neural network (EMD2NN) model for stock market
trend prediction. In this model, both empirical model decomposition
(EMD) and the factorization machine (FM) were operated for analyzing
non-stationary data. Moreover, Ramezanian et al. (2019) applied a
model including genetic network programming (GNP), reinforcement
learning, and a multi-layer perceptron (MLP) neural network for the
classification and prediction of stock returns. GNP was applied here to
optimize the initial rules for the MLP classification process. The aim of
reinforcement learning was to strengthen the optimization process and
achieve better rules. Finally, Selvamuthu et al. (2019) used an ANN
with three algorithms, Levenberg-Marquardt (LM), scaled conjugate
gradient (SGC), and Bayesian regularization, using high-frequency data
as well as tick data for the prediction of the Indian stock market.

5.4.2. Support vector machines

Since several authors have highlighted many difficulties with ANNS,
such as locally optimal solutions, over-fitting (Kim, 2003; Yeh et al.,
2011), and time complexity (Das & Padhy, 2018) during the active
period, it is unsurprising that many studies in the field of stock market
forecasting also focused on other prediction models. Among these, one
of the most widely used methods are support vector machines (SVMs)
for classification and support vector regression (SVR) for regression.
Since the SVMs are based on the structural risk minimization principle,
it can reduce the generalization error (Chai et al., 2015; Pai & Lin,
2005). Accordingly, there have been a lot of papers with SVM- and
SVR-based models in financial market forecasting, which are discussed
in more detail in the following paragraphs.

Lu (2013) proposed a novel approach by combining nonlinear inde-
pendent component analysis (NLICA), SVR, and PSO for stock index
forecasting. Here, NLICA was used to extract the relevant features
dealing with non-linearity properties, and PSO was applied to optimize
the parameters in the SVR. Rustam and Kintandani (2019) also exam-
ined an SVR with PSO for the prediction of Indonesian stock prices.
However, the hybrid method of Das and Padhy (2018) that combines
SVM and teaching-learning-based optimization (TLBO) outperformed
the PSO+SVR model in the prediction of the closing price of the
COMDEX commodity futures index.

In a different approach, Yeh et al. (2011) suggested a new method
based on SVR, termed as MKSVR, co-operating with a multiple-kernel
(MK) learning algorithm that tackled problems concerning the manual
adjustment of the hyper-parameters of the kernel functions in the
SVR. Similarly, a hybrid multi-kernel support vector machine (MKSVM)
approach was proposed by Gowthul Alam and Baulkani (2019). In this
model, factor analysis was used to filter out irrelevant features from the

10 Ebrahimpour et al. (2007) introduced the model, Mixture of MLP Experts
(MMLPE), as a face detection method. This MMLPE method employs multi-
layer perceptrons (MLPs) as expert and gating networks and uses a novel
learning algorithm to adapt to the MLPs.
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stock index data, and fruit fly optimization (FFO) was implemented to
tune the parameters. This proposed method showed promising results
in comparison to the MKSVM, PSO+MKSVM, and GA+MKSVM models
in the prediction of daily price directions of stocks from the NYSE,
DJIA, and S&P 500. Yu et al. (2009) presented another forecasting
model, the evolving least squares support vector machine (LSSVM)
learning paradigm with a mixed kernel, to predict stock market trends.
In this method, GA was used twice, once to select essential features
from the data, and once to optimize the parameters of LSSVM. The
evolving LSSVM model is efficient and robust compared to other LSSVM
models, especially with the use of different kernels individually, such as
polynomial, radial basis kernel (RBF), sigmoid kernel, and mixed ker-
nel. Chai et al. (2015) also proposed the LSSVM method in combination
with an empirical mode decomposition (EMD) to forecast the CSI 300
index. In the EMD-LSSVM process, four-parameter optimization tech-
niques (simplex, grid search (GS), PSO, and GA) were tested, and the
results showed that the GS-based EMD-LSSVM method outperformed
other methods in the prediction of stock price movements.

The study by Kao et al. (2013) aimed at the selection of a suitable
wavelet sub-series for a forecasting model with improved forecasting
accuracy, introducing a novel prediction model called Wavelet-MARS-
SVR. This model used a wavelet transform (that decomposed the finan-
cial time-series data), multivariate adaptive regression splines (MARS)
(that selected significant variables coming from the wavelet transfor-
mation), and SVR (that performed the prediction). Kazem et al. (2013)
developed a forecasting model (called SVR-CFA) based on chaotic
mapping, a firefly algorithm (FA), and SVR. To overcome shortcomings
such as trapping in local optima and the slow convergence in the
FA, chaotic mapping was applied instead of a random approach. The
evidence in this study shows that the chaotic firefly algorithm is a better
option than a GA to optimize the SVR hyper-parameters. Xiong et al.
(2014) also used FA in the proposed model in that study, the multi-
output support vector regression (MSVR), to predict interval-valued
stock index prices over short and long time horizons. Later, in the study
of Zhang, Teng, and Chen (2019), the FA was modified by introducing a
dynamic adjustment strategy and an opposition-based chaotic strategy.
In that context, the modified FA (MFA) was combined with an SVR to
propose a novel hybrid forecasting model (SVR-MFA) for stock prices.
The forecasting results with the SVR-MFA were more robust and also
outperform the results of the SVR-CFA (Kazem et al., 2013) as well as
the other optimization techniques (PSO-GA) applied with SVR models
for the prediction of six variables in the Shanghai stock market.

The problem of the intuitively high level of noise in the analysis
of financial data using SVM was addressed by Lu et al. (2009) from
a different perspective by applying independent component analysis
(ICA) together with SVM. The purpose of including the ICA was to
detect and filter out noise from the financial time-series data and
to then apply SVM subsequently. Moreover, one interesting attempt
to forecast stock index prices using the exchange rate can be found
in Zhang, Shao et al. (2019). They proposed a data-driven method
based on SVM to forecast the movement of the Chinese stock index
(SZ50) price using four data sources: technical indicators, exchange
rates, a US market index, and financial news data. They demonstrated
that using exchange rates for the prediction of this stock index price
was reasonable compared with the other features used as input in that
study. To select the relevant features, they applied a term frequency—
inverse document frequency (TF-IDF) strategy from text mining for
financial news data and a recursive strategy for other data sources.

Chen et al. (2017) developed an approach containing an SVM, the
Adaboost.M2 algorithm, a naive Bayesian classifier, and the queen
genetic algorithm (a type of GA) (QGA) to forecast stock market
trading signals. Using the data of financial indicators, they tested two
approaches: the Adaboost QGA-SVM, with and without financial news
data. Across the boosting, the naive Bayesian classifier was applied
to classify financial news by clarifying its effects on the stock price.
This study achieved the highest accuracy with the Adaboost QGA-SVM
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method without using financial news in terms of predictive perfor-
mance. A hybrid model containing an SVM in combination with the
ARIMA model was presented by Pai and Lin (2005) to examine its
forecasting ability for stock prices. As mentioned earlier, this is one
of the most cited articles in the applications of SVM models. Chen and
Hao (2018) proposed another SVM-based prediction model (called PCA-
WSVM), integrating PCA into weighted SVM to predict stock trading
signals. A robust tool for mixed frequency issues and multi-output for
stock price prediction was proposed by Pan et al. (2017). They called
it the multiple output support vector machine unrestricted mixed data
sampling (MSVM-UMIDAS) model. They revealed that the utilization
of mixed frequency-independent variables presents various types of
information significant to the stock price, and the use of multiple
outputs takes into account many practical issues concerning stock price
predictions.

Sedighi et al. (2019) proposed a novel upgraded prediction model
deploying an artificial bee colony (ABC) algorithm, an adaptive neuro-
fuzzy inference system (ANFIS), and an SVM. In the proposed ABC-
ANFIS-SVM approach, the ABC algorithm was used to optimize the
technical indicators, the ANFIS to forecast long-run stock price fluctua-
tions, and the SVM to establish a link between the technical indicators
and the stock price, as well as to further improve the forecasting
accuracy of the model. The results obtained with the proposed method
were more precise in the prediction of the US stock market than those
from the 20 existing forecasting models.

The SVM-based studies discussed so far are summarized with their
key topics in Fig. 31. It is noteworthy that, in this figure, we have not
included the studies Cao and Tay (2001), Huang et al. (2005), Kim
(2003), Rosillo et al. (2014), Tay and Cao (2001) that only utilized the
SVM method without merging it with at least one other soft computing
technique for making stock market predictions.

5.4.3. Fuzzy Theory

In this section, we concentrate on fuzzy-theory-based techniques for
modeling and predicting the stock market in the selected literature.
Since Prof. Zadeh (Zadeh, 1965) introduced fuzzy sets, they have been
applied in many real-world applications successfully. Fuzzy theory
provides advances in real-time problems dealing with uncertainty. Over
the last decade, techniques from fuzzy set theory have gained more
attention in stock market research.

An early work by Wang (2002) addressed the difficulty of using a
large volume of stock data as well as the uncertainty of the differences
between two continuous time series for stock market predictions. To
overcome these issues, the author constructed a system that minimized
the size of the stock price data in terms of the storage requirements
(e.g., MB) and worked through fuzzification methods in combination
with Grey theory. The method they created was called the fuzzy
Grey system, which can predict the stock price promptly at a specific
time. Lai et al. (2009) used a novel framework combining k-means
clustering, a GA, and a fuzzy decision tree (FDT) to forecast the stock
price of the Taiwan Stock Exchange. The proposed GAFDT model first
used k-mean clustering to obtain sub-clusters of stocks in the Taiwan
Stock Exchange Corporation (TSEC) and then the GA to determine
the optimal fuzzy term for each input index in the FDT. Generating
decision rules via the FDT, the prediction was performed as the last
step. Anbalagan and Maheswari (2015) investigated the ability of a
fuzzy meta graph (FM) to forecast the stock market and to deal with
issues such as non-stationarity and non-linearity of the time-series
data. Efendi et al. (2018) argued that existing stock market prediction
models are still poor at overcoming randomness and issues such as
volatility and uncertainty of the stock prices in data preparation. Taking
this as a motivation, they developed a novel forecasting method called
fuzzy random auto-regression (FR-AR) model. In the FR-AR, the fuzzy
random variable handles the low-high and stock price data, while the
auto-regressive component deals with the stationarity of the data.
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Fig. 31. Studies based on support vector machines.

Fuzzy time series (FTS) has rapidly gained traction in modeling
and predicting stock markets. The idea of FTS is to split the universe
of discourse for fuzzy sets (partitions/intervals) from time-series data
and then learn how each division acts by observing rules across time-
series patterns (Song & Chissom, 1993). Accordingly, Chu et al. (2009)
proposed a new FTS model (called the fuzzy dual-time series model)
to predict a stock index using the stock index itself and its volume
as dual factors based on the assumption that both affect the future
price of a stock index. As discussed by Javedani Sadaei and Lee (2014),
finding the effective length of each interval to determine linguistic
variables is often challenging when using FTS in stock market fore-
casting. Addressing this issue, they proposed a model-based systematic,
descriptive, and well-structured approach using FTS for forecasting
stock market data. A similar study was established in Chen et al.
(2014) for predicting the stock market using an FTS-based approach.
Essentially, they deployed Pearson correlation coefficients to select the
essential technical indicators and granular spread partition (GSP) to
identify the partitions of the universe of discourse and the interval
lengths in the FTS training process. Chen and Chen (2015) also ap-
plied an FTS-based granular computing approach with entropy-based
discretization and binning-based partition methods to predict stock
market prices. Another noteworthy attempt at the prediction of the
stock market can be found in Ye et al. (2016), who used a multi-order
FTS, technical analysis, and a GA. They started by constructing a multi-
variable time series across the technical analysis and then employed
the GA to determine the precise domain partition and improved the
forecasting performance using a multi-order (first-order, second-order,
and third-order) FTS.

Rubio et al. (2017) further developed the classical FTS for stock
market forecasting by introducing fuzzy logical relationships (FLRs)
and fuzzy logical groups (FLGs) for assigning weights and providing
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trapezoidal fuzzy numbers as the predictions for future values of a stock
index. The study by Cagcag Yolcu and Alpaslan (2018) evaluated the
steps formed by FTS in a single simultaneous process by introducing
a novel hybrid approach (called H-FTSM) to predict the Taiwan Stock
Exchange Capitalization Weighted Stock Index (TAIEX). The H-FTSM
model employed the FTS, a PSO (that identified the optimal fuzzy rela-
tions), a single multiplicative neuron model (that determined the fuzzy
rules), and fuzzy C-means clustering. The proposed H-FTSM achieved
promising results in the prediction of the TAIEX compared with the
12 benchmarks, including (Chen & Chen, 2015; Chen et al., 2014),
used in their study. Similarly, Zhang, Zhang et al. (2019) proposed a
forecasting model based on FTS, fuzzy C-means clustering, and a multi-
factor BPNN for stock market prediction. This approach differs from the
H-FSTM in that it uses a GA to optimize fuzzy relations and a BPNN
to establish the fuzzy relations between two continuous time series of
fuzzy sets.

In fuzzy modeling tasks, Takagi-Sugeno—Kang (TSK) fuzzy systems
are well-known techniques that have accomplished promising perfor-
mances in a variety of applications. Chang and Liu (2008) developed
a TSK type fuzzy rule-based system to predict the stock price us-
ing technical indicators as inputs. The framework of this TSK fuzzy
system was formed using step-wise regression (to select the essential
factors), k-means clustering (to partition data into clusters), and a
fuzzy inference system (to generate rules and set the parameters). A
comprehensive study was conducted by Chang and Fan (2008) in which
a novel prediction method that integrates a Haar wavelet transform
and a TSK fuzzy rule-based system for forecasting the stock market was
proposed. In this study, they also employed k-means clustering to avoid
rule explosion and then generated fuzzy rules for each cluster. The K-
nearest neighbor (KNN) method with simulated annealing (SA) was also
utilized as a sliding window to further tune the prediction results of the
TSK model. Moreover, Chang et al. (2016) modeled a TS fuzzy rule-
based model in combination with an SVR to forecast stock trading. The
SVR was used to support the learning of trading signals in TSK model
training. The piece-wise linear representation (PLR) method was also
used to select relevant features to improve the predictive power in the
proposed approach.

We found three studies that applied adaptive network-based fuzzy
inference system ANFIS to predict the stock market. Atsalakis and
Valavanis (2009a) presented an ANFIS model premised on two phases,
the CON-ANFIS (to control the stock market process model) and the
PR-ANFIS (to predict the trend), and achieved promising results chal-
lenging the weak form of the EMH. Yang et al. (2011) proposed a fuzzy
inter-transaction class association rule (interCAR) mining method based
on GNP to forecast the Tokyo Stock Exchange. The idea of this model
was to prevent the loss of information during data transformation.

A different path was taken by Wei et al. (2011), who used a
correlation matrix to select essential features, a subtractive clustering
method to determine the linguistic values for the technical indicator
partitions using a data discretization approach, and ANFIS to obtain the
linguistic term rules from the technical indicators as well as to optimize
the parameters of the FIS using an adaptive network to generate the
predictions. A similar type of model based on ANFIS was presented
by Kaur et al. (2016). They first used an ordered weighted average
(OWA) operator to aggregate high-dimensional data points into a single
feature. Then, ANFIS with fuzzy c-mean clustering was applied to
produce accessible rules to predict stock index prices.

A distinct fuzzy model can be found in Hadavandi et al. (2010)
where the authors attempted to achieve the best stock market predic-
tions by applying an integrated method using genetic fuzzy systems
(GFS) and an ANN. In addition, they used step-wise regression analysis
(SRA) to find the most influential factors impacting the stock price
and a self-organizing map (SOM) neural network to cluster the row
data as inputs for the GFS model. Lastly, two other recent studies
based on fuzzy theory are discussed. Pal and Kar (2019) proposed a
hybrid model combining data discretization, the cumulative probability
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distribution approach (CPDA), and rough set theory. They first applied
a modified type-2 fuzzy-set-based methodology to discretize time-series
data points to linguistic values, and then CPDA to find the intervals for
the linguistic values. Lastly, rule reducts were generated using rough
set theory (RGH) to be applied in the prediction step. Another study
by Rajab and Sharma (2019) proposed a neuro-fuzzy approach based
on a compact rule base and constrained learning for forecasting the
stock market. This model was implemented in three essential steps: (1)
relevant technical indicators were chosen by using Pearson’s correlation
coefficient, (2) a fuzzy rule base generation was performed by using
subtractive clustering, and (3) the rule base reduction and optimization
of the rule base were driven by using fuzzy model structure learning.
To present a brief view of fuzzy approaches, a mapping image of all
these models is presented in Fig. 32.

5.4.4. Deep learning

It is apparent that, recently, there has been an elevated interest in
deep learning-based approaches in the field of stock market prediction
(see Fig. A.40). Deep neural networks (DNNs) offer flexibility in mod-
eling using network structures, model parameters, activation functions,
as well as various deep learning algorithms. For instance, DNNs have
been used for stock market prediction with high-frequency data due to
their capability of extracting features from large data sets. Studies using
deep learning are outlined in Fig. 33. Next, we shortly go through each
of these models.

In our review, Chong et al. (2017) were the first to use a DNN-
based systematic approach for stock market analysis and prediction.
They examined the influence of three unsupervised feature extraction
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methods, PCA, an auto-encoder, and a restricted Boltzmann machine,
on the DNN in the prediction of stock price movements. Singh and
Srivastava (2017) demonstrated that the DNN model could improve the
forecasting accuracy in stock market predictions. To achieve an effec-
tive performance with a DNN, they used 2-directional 2-dimensional
PCA ((2D)*PCA) to extract relevant features, and an adaptive learning
rate algorithm (ADADELTA) as the optimization technique for learning
rate annealing and momentum training. Unlike the radial basis function
neural network (RBFNN) and recurrent neural network (RNN) methods,
this proposed method achieved an improved accuracy in the prediction
of the stock of Google (now: Alphabet Inc.) traded on the NASDAQ
stock exchange.

Furthermore, a comprehensive study by Zhong and Enke (2019)
used a big data analytic process with a DNN to forecast the daily
direction of the SPDR S&P 500 ETF. They detected a pattern with the
DNN model using data transformed via PCA, while the number of hid-
den layers was increased from 12 to 1000. Another distinct approach
comes from Song et al. (2019), who studied stock price fluctuations
by applying an improved deep learning technique to forecast future
stock prices. Instead of using price-based-features, they constructed 715
features from technical indicators to design a DNN model. Then the
DNN-based prediction model was implemented using a simple neural
network structure and a novel filtering technique (to filter stock prices
and identify patterns of fluctuations).

Another research focus in deep learning is the convolutional neural
network (CNN), which has been applied extensively in the field of
image processing, speech recognition, natural language processing, and
other areas. Gunduz et al. (2017) used a CNN approach with specifically
ordered input features to forecast intra-day movements of the Borsa
Istanbul 100 (BIST 100) index. In the prediction process, the correlation
between features and hierarchical agglomerative clustering was used
to order the features. At the same time, three different techniques (L2
regularizer, drop-out, and early stopping) were tested to prevent over-
fitting. They also studied the effectiveness of feature correlations by
investigating a correlation-based approach (CNN-corr) and compared it
to the randomly ordered features approach (CNN-rand) in the predic-
tion. The results demonstrated that the CNN-corr model was superior
in comparison. However, this model was outperformed by the proposed
CNN approach presented by Hoseinzade and Haratizadeh (2019) in
the prediction of six stock index price movements. The interesting
fact with this study was that they extracted relevant features through
the developed methods: 2D-CNNpred (two-dimensional representation
of features) or 3D-CNNpred (three-dimensional representation of fea-
tures). They also used the drop-out method for the training of the
model.
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Cao and Wang (2019) demonstrated that a CNN could deal with
categorical and continuous variables in financial forecasting and can
achieve effective prediction results. They constructed two models, a
CNN and a CNN-SVM, to predict stock index prices and showed that
both models were effective according to the empirical results. More-
over, Wen et al. (2019) introduced a novel approach to reconstruct
time-series data through frequent patterns (i.e., leveraging motifs) and
then applied a CNN model to learn the underlying patterns and re-
constructed time-series sequences, supporting the prediction of stock
price directions. In this proposed method, the stochastic optimization
algorithm (Adam) was applied to train the network.

The long short-term memory (LSTM) network is one of the more
advanced deep learning algorithms. According to the literature, Fischer
and Krauss (2018) performed the first study on the utility of the
LSTM model for stock market prediction. Subsequently, Chung and Shin
(2018) integrated it with a GA to optimize the LSTM topology and to
determine the time window size to improve the capability of the LSTM
network for financial market predictions. Another work by Baek and
Kim (2018) concentrated on the problem of over-fitting by proposing a
novel forecasting approach relying on an LSTM network. The proposed
ModAugNet includes two modules: (1) an over-fitting prevention LSTM
module and (2) a prediction LSTM module.

Furthermore, Borovkova and Tsiamas (2019) developed an ensem-
ble framework of LSTM networks to predict intra-day directional move-
ments of the stock price. In addition, a randomized procedure for
feature selection and RMSProp as the training algorithm were used in
the proposed framework. With a combination of CNN and LSTM, Chen
et al. (2019) proposed a stock price trend prediction model (TPM) based
on the encoder—-decoder mechanism. This proposed method consists of
two phases. First, it applied a piece-wise linear regression method (PLR)
(that extracted long-term temporal features) and a CNN (that extracted
short-term spatial market features) as a dual feature extraction method.
Second, a encoder—-decoder framework formed by an LSTM was ap-
plied to select and merge relevant features and then perform trend
prediction.

A novel deep learning approach to predict the stock market using
both historical stock prices and financial news data can be found in Lien
Minh et al. (2018). In this study, mainly two novel approaches were
used. First, a two-stream gated recurrent unit (TGRU) model for stock
price trend forecasting; second, a sentiment Stock2Vec embedding
model associated with financial news data as well as a sentiment
dictionary. Moreover, they initially pre-processed the news article data
(from Reuters and Bloomberg) and stock prices through labeling and
word embedding. This approach was found to be effective for the
prediction of the S&P 500 index price directions and VN-index price
trends. Furthermore, Shi et al. (2019) applied a DeepClue model in
combination with a pixel-based layer-wise relevance propagation. They
used stock-related tweets together with historical price data and finan-
cial news articles from Reuters and Bloomberg regarding the US stock
market.

5.4.5. Feature selection

Stock market researches are often associated with numerous vari-
ables in the form of historical data on stocks, markets, macro-economic
variables, and other forms of potentially relevant features. Some stock
market studies performed an in-depth analysis of feature
relevance/predictor importance to obtain a better understanding those
variables that are relevant and, hence crucial for a particular prediction
task. Feature selection reduces the set of available variables to only
those variables considered relevant for a particular task, hence, often
resulting in faster algorithm training, a reduction in over-fitting on
account of the absence of irrelevant and/or redundant variables, and
a potential improvement of the model accuracy (Guyon & Elisseeff,
2003). Several studies attempted to utilize feature selection methods to
achieve a high generalization performance of stock prediction models.
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Fig. 34. Studies based on feature selection.

With this review, we found six studies that are mapped with the
corresponding techniques in Fig. 34.

Zhang et al. (2014) proposed a novel causal feature selection
method to determine the relevant features for effective stock predic-
tions. Huang and Tsai (2009) and Barak and Modarres (2015) use
filtering methods for feature selection in their applications. In Huang
and Tsai (2009), filter-based feature selection was used to reduce
the training time and to improve the accuracy of the self-organizing
feature map (SOFM)-SVR model proposed for the prediction of Tai-
wan index futures. Similarly, Barak and Modarres (2015) selected the
most relevant features to forecast risk and return using a filter and
function-based clustering methods. Another interesting attempt at stock
forecasting using a combination of multiple feature selection methods
can be found in Tsai and Hsiao (2010). They first selected PCA,'! GA
and decision trees (CART) as feature selection methods. Then, predic-
tion was performed with ANN to find which of these feature selection
methods allows them to achieve better performance in the forecast.
They also tested the ability of combinations (by the union, intersection,
and multi-intersection methods) of these feature selection methods in
the prediction of stock prices. The combination of PCA and GA resulted
in the best prediction performance in this study. Lohrmann and Luukka
(2019) applied the fuzzy similarity and entropy (FSAE) (Lohrmann
et al., 2018) based feature selection method to predict intra-day S&P
500 returns with a random forest. In this study, 136 features related to
currencies, commodities, and technical indicators were used as input
data, and irrelevant features were filtered out for effective forecasting
of the return. Weng et al. (2017) investigated how different online
data sources and technical indicators can be used to build an efficient
forecasting system applying feature selection. They used the Recursive
Feature Elimination (RFE) method with an SVM and an ANN and
applied it in forecasting the next day movement of Apple Inc’s stock.

5.4.6. Classifier ensembles

In general, an ensemble model is a learning algorithm that combines
and trains a set of classifiers and then aggregates the separate votes
of their predictions into a single prediction/decision. The stock market
studies in our review that used classifier ensembles for their predictions
are summarized in Fig. 35. The focus of the ensemble models in this
section is on classifier ensembles (supervised learning).

The first investigation of classifier ensembles into the stock market
prediction was published by Chun and Park (2005). In their analysis,
dynamic adaptive ensemble case-based reasoning (DAE CBR) was pro-
posed as a new learning technique. The key idea of this method was
to determine the parameter combinations, optimizing them, and then
applying CBR to perform the prediction. Tsai et al. (2011) also exam-
ined the predictive performance of classifier ensembles for stock return

11 Usually PCA is considered as a feature extraction method in general.
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Fig. 35. Studies based on classifier ensembles.

predictions. They considered two types of ensembles: (1) homogeneous
classifier ensembles (using an ensemble of neural networks) and (2)
heterogeneous classifier ensembles (deploying an ensemble of decision
trees, logistic regression, and neural networks). They also considered
hybrid methods of majority voting and bagging.

A comprehensive study by Barak et al. (2017) proposed a fu-
sion model (called multi-classifier ensemble system) that used multiple
diverse base classifiers for stock market predictions. In the fusion
framework, various classifiers were operated together with the Bag-
ging, Boosting, and AdaBoost models to get a common output. Before
performing the classification, the data was clustered using k-mean
clustering to select the best combination of classifiers from KNN, MLP,
random forest, decision tree, SVM, decision tree naive Bayes (DTNB),
LAD Tree, BF tree, CART tree, Rep tree, the Bayes, to mention a few.

According to the literature, the random forest model that belongs
to the class of ensemble learning methods was also used to create
financial forecasting models. Examples include (Khaidem et al., 2016),
who introduced an improved methodology based on a random forest to
predict the direction of the stock price, and the latest study by Basak
et al. (2019), which utilized a random forest to forecast the direction
of stock prices (Facebook and Apple Inc.) and compared its predictive
performance with the XGBoost classifier. In addition, Lohrmann and
Luukka (2019) used a random forest for intra-day return predictions of
the S&P 500 index.

5.4.7. Other models

In this section, we discuss other forecasting models that were left
outside the previous categorization since these methods were not com-
monly used in the reviewed literature. Such methods include, but are
not limited to, KNN, Bayesian networks, and clustering. All of the
techniques discussed in this section are mapped in Fig. 36.

As the oldest study in our literature review, Leung et al. (2000) ex-
amined the predictability of the movements of a stock index price using
multivariate classification techniques and level estimation approaches.
They tested probability-based classifiers, including linear discriminant
analysis and logit, probit, and probabilistic neural networks in com-
parison to level estimation methods such as exponential smoothing,
a multivariate transfer function, vector auto-regression with a Kalman
filter, and a multilayered feed-forward neural network. Moreover, Enke
et al. (2011) proposed a three-stage stock market forecasting model
in which a multiple regression analysis (that defined the relevant
financial and economic variables), differential evolution-based type-
2 fuzzy clustering (that created the prediction model), and a fuzzy
type-2 neural network (that performed the prediction) were used. Son
et al. (2012) conducted a study on the prediction of high-frequency
(five minute periodicity) KOSPI 200 index data using linear regression,
logistic regression, an ANN, and an SVM, all with and without dimen-
sionality reduction. The corresponding results indicated the superiority
of the SVM model in the prediction compared with the other meth-
ods. Similarly, Patel et al. (2015) compared the predictive power of
four classification methods, an ANN, an SVM, a random forest, and a
Naive-Bayes classifier, on the Indian stock market.

In the context of this literature review, clustering was rarely used in
financial market predictions. In particular, there were only two relevant
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studies in the set of articles for this study. The first study by Vilela
et al. (2019) proposed a two-stage forecasting model using K-means
or fuzzy C-means clustering to segment the data in the first stage and
SVR in the second stage to forecast the future stock price. The second
study by Zhong and Enke (2017a) also used a clustering-based predic-
tion model to forecast the daily direction of the stock return. They
applied fuzzy C-means clustering to prepare the data. Subsequently,
they applied PCA to each of the clusters and the entire data set and then
combined these data. With this aggregated data set, the prediction was
performed using ANNs and logistic regression. It was pointed out that
PCA+ANNs was able to accomplish the high accuracy in the forecast.
Using the same data, they also presented another study in Zhong and
Enke (2017b) that compared the effectiveness of three-dimensionality
reduction techniques (PCA, fuzzy robust PCA, and kernel-based PCA)
in the prediction of the daily direction of the stock return. As in their
first paper, they also found in the second publication that ANNs with a
PCA approach outperformed the benchmark algorithms in the forecast.

Another comparably rare approach in the stock market prediction
literature is the Hidden Markov Model (HMM), which is a broadly
applied tool to forecast time-series data. Hassan et al. (2007) proposed
a fusion model that integrates a Hidden Markov Model (HMM), a GA,
and an ANN for stock market forecasting. In the proposed model, the
GA is used to optimize the initial parameters in the HMM, while the
ANN is deployed to transform the daily stock prices to independent sets
of values as the inputs to the HMM. Then, the optimized HMM is used
to predict a one-day ahead stock price. Gorenc Novak and Veluscek
(2016) presented a stock price prediction strategy based on daily high
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prices using an SVM, an LDA, and an NB classifier. They specifically
developed simple trading strategies (called Guided D-threshold trading
strategies), which guided the classifiers to increase the performance.

The K-nearest neighbor (KNN) classifier is among the simplest
and most widely applied machine learning algorithms in classifica-
tion. Zhang et al. (2017) proposed a new multi-dimensional k-nearest
neighbor (MKNN) model-based ensemble empirical mode decompo-
sition (EEMD) approach to predict the high and closing prices of
stocks simultaneously. Within this study, the combination of the MKNN
and EEMD (EEMD-MKNN model) was efficient and performed well
in comparison to an EMD-KNN, a KNN, and an ARIMA model in the
prediction of the prices of four well-known stocks. In addition, the study
by Cao et al. (2019) applied a KNN model for forecasting next day stock
price patterns. They used feature selection based on the Kruskal-Wallis
test and a novel pattern network construction model to extract patterns
from the data. Along with the selected features, the KNN and an SVM
were used for the prediction.

Malagrino et al. (2018) introduced a Bayesian network model for
forecasting the next day direction of the Brazilian IBOVESPA stock
index price. In addition, Zuo and Kita (2012) investigated the use of a
Bayesian network in the prediction of stock prices. They first discretized
the continuous P/E ratio data through clustering, and the prediction
was then performed using a Bayesian network.

Recently, there has been a considerable interest in financial market
prediction systems using information extracted from financial news
articles. For instance, Shynkevich et al. (2016) developed a multiple
kernel approach (MKL) to predict stock price movements using informa-
tion from various financial news categories (different kernels for each
news category). They tested the proposed model for large cap stocks
from the “Health Care” sector (in the S&P 500). They illustrated that
growing the number of relevant news categories as the input data for
the financial prediction significantly improves the performance of the
forecasting model. Another attempt at forecasting a stock index based
on text mining can be found in Feuerriegel and Gordon (2018). Their
investigation was based on 75,927 ad hoc announcements from compa-
nies as data sources, and it highlighted that text-based machine learning
methods succeeded in improving forecasting accuracy compared with
the benchmarks used in this study.

The study by Aradjo et al. (2015) presented a hybrid forecasting
model named increasing decreasing linear neuron (IDLN) to overcome
the random walk dilemma in high-frequency financial data forecasting.
This IDLN model consists of a series of linear operators (e.g., finite im-
pulse response), nonlinear operators (dilation and erosion morphologi-
cal), and nonlinear decreasing operators (anti-dilation and anti-erosion
morphological). Another work links email communication within a
company to the company’s stock price (Zhou et al., 2018). These
authors developed a novel data mining model based on internal com-
munication patterns to predict the stock price of the company. Their
study revealed that there was a significant impact of corporate com-
munication on stock price. A recent study by Yang et al. (2019)
suggested a novel hybrid stock selection model that deploys an extreme
learning machine (ELM). In essence, this model consisted of two steps:
stock prediction (that predicted future stock returns) and stock scoring
(that selected highly valued stocks to generate an equally weighted
portfolio).

Based on the time-series data of numerous stock market indices
in the world, Na and Sohn (2011) developed a forecasting approach
using an associated rules analysis to predict the change in KOSPI
prices. They used the Apriori algorithm to generate the associated
rules and lift judgment (Wang et al., 2004) to reduce possible biases
in the generated rules. A vector auto-regression (VAR) model was
also used to identify the relationship between the Korean and the US
stock markets. With the proposed method, their experiment achieved
accurate predictions of the changes in the KOSPI. To eliminate the
random walk (RW) dilemma for financial market prediction, Aratjo
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(2011) presented a novel method called translation-invariant mor-
phological time-lag added evolutionary forecasting (TIMTAEF). This
hybrid approach was a combination of a modular morphological neural
networks (MMNN) and a modified GA (MGA). Furthermore, Anish and
Majhi (2016) proposed a feedback type of the functional link artificial
neural network (FLANN) with recursive least squares (RLS) training as
a novel forecasting approach. This model first used factor analysis to
identify relevant features, and then RLS was performed during training
with the FFLANN to reduce the training time. Chen and Hao (2017)
introduced a novel hybrid FWSVM-FWKNN (feature weighted SVM and
feature weighted KNN) model to forecast Chinese stock indices. In this
framework, each feature’s relative importance was estimated by first
computing information gain, and then the weight was set for each
feature. Subsequently, these weights were used to calculate the inner
products of kernel functions in SVM to forecast the direction of the
stock price movement. Lastly, the weights were recalculated and used
to measure the Euclidean distance in KNN to predict the stock index
price.

A different path was taken by Zhang et al. (2018a), who proposed a
novel stock trend prediction system based on an unsupervised heuristic
algorithm to forecast the price movement and its growth rate intervals
within the predefined prediction time horizon across a predefined
prediction duration. This heuristic algorithm was utilized in this context
to classify row transaction data into four classes, Up, Down, Flat, and
Unknown, within the predefined fixed time interval. Then, prediction
was performed using a random forest and decision trees on the Weka
platform.

To forecast stock prices in the Taiwan stock market, Chou and
Nguyen (2018) developed a prediction system based on a sliding-
window meta-heuristic optimization that included a meta-heuristic
firefly algorithm (FA) and a least-squares SVR (LSSVR). From the
empirical analysis, they recommended to use their model for highly
non-linear-time-series data whose patterns are hard to detect using
traditional methods. Recent research by Bisoi et al. (2019) proposed
a predictive model that can predict both stock prices and stock price
movements. This method first uses variational mode decomposition
(VMD) to decompose the data and, afterwards, a robust kernel-based
extreme learning machine (RKELM) to perform the day ahead price
prediction. Lastly, we discussed the study by Gocken et al. (2019),
where seven hybrid soft computing models were tested to forecast the
stock market. Each of these models was used in conjunction with HS
to optimize the parameters. The sef of models included an HS-NN, an
HS-JRNN (Jordan recurrent NN), an HS-ELM, an HS-RELM (recurrent
extreme learning machine), an HS-GLM (generalized linear model), an
HS-RT (regression tree), and an HS-GPR (Gaussian process regression).

5.4.8. Distribution of applied machine learning techniques by year

Fig. 37 illustrates the distribution of the application of various
machine learning techniques in stock market prediction studies by year.
The earliest work in our review was conducted in 2000 using an ANN.
In 2001, empirical works deploying SVMs appeared. It is noteworthy
that these two methods were the most popular approaches for stock
market predictions in our review throughout the rest of the years.
In addition, a sharp increase in the application of deep learning for
stock market prediction can be observed since 2017, and the highest
number of articles (eight to be exact) that applied deep learning was
published in 2019. In summary, the approaches referred to the most
in recent attempts on financial market forecasting were ANNs, SVMs,
fuzzy theory, deep learning, and feature selection.

5.4.9. Optimization and feature analysis techniques

In Table 8, the main optimization and feature operation techniques,
together with the corresponding references in which these methods
were applied, can be found. In this context, the term “optimization”
essentially refers to optimizing the parameters and the structure of a
model, whereas “feature operation” refers to the selection, generation,
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extraction, denoising, and discretization of features. It is apparent from
the table that the GA was the most widely used technique for optimiza-
tion as well as for feature selection. To extract relevant features, PCA
was extensively applied as a dimensionality reduction method, while
wavelet transform was deployed to denoise features.

5.4.10. Review of validation methods

Proper validation is a crucial aspect of machine learning, which
is also applicable in the context of stock market prediction studies.
Surprisingly, only 49 articles in the selected literature mentioned (ex-
plicitly) that they validated their forecasting approach using a specific
validation technique. Fig. 38 displays the frequencies of each validation
method implemented in the reviewed articles. In the figure, “CV” refers
to cross-validation.

The results in the figure indicate that the “Holdout method” and
“5-fold CV” are the commonly used validation methods in stock market
prediction studies. The “Holdout method” and “5-fold CV’ were applied
in 20% (10) and 18% (9) studies, respectively for validation of the used
predictive models. The “Walk-forward method”. which is often used in
time-series analyses, was ranked third among the preferred validation
methods in 10% (5) studies. Notice that some studies (see, e.g., Chang
& Fan, 2008; Mo & Wang, 2018) mentioned that they applied “Cross-
validation”, but did not name the cross-validation technique they used
explicitly.

5.5. Review of performance metrics

Evaluating the predictive performance of machine learning methods
has been a crucial part of all studies in our review collection, since these
are the measures based on which the performance of each algorithm
is evaluated and benchmarked with. Fig. 39'% shows the frequency of
different types of performance metrics from each study. It is noteworthy
that some of these metrics did not evaluate prediction performance. All
metrics were classified into one of the four categories: “Accuracy-base”,
“Error-based”, “Return-based”, and “Statistical tests”.

Fig. 39 highlights that the root mean square error (RMSE) as an
error-based metric was the most frequently used evaluation metric for
measuring the forecasting performance of a model. Considering error-
based measures, the mean absolute percentage error (MAPE) was the
second most used measure for model evaluation in this category. Other
widely applied metrics in this category are the mean absolute error
(MAE) and the mean squared error (MSE), appearing 29 and 16 times
in the literature, respectively. Accuracy as an evaluation metric was
deployed in 43 studies, which ranks it second to the RMSE among
all evaluation metrics. Most of the studies in our review were based
on classification-based prediction tasks. To show the prediction perfor-
mance concerning the number correct true positive classifications, hit
ratio was used as an evaluation metric in 19 studies. In addition, there
were 13 studies that used the sharp ratio to present the performance of
the return-based predictions in a risk-adjusted way.

Our review also identified several efforts to deploy statistical tests to
determine whether the proposed method yielded statistically significant
results compared to the benchmarks in the prediction. In such studies,
a paired t-test was the most widely used test found in 17 studies, while
Kruskal Wallis, Wilcoxon, and other tests were only implemented in a
few cases. Moreover, for return-based predictions, relevant measures
such as the average return, standard deviation of the daily return, rate
of return (ROR), and return on investment (ROI) were reported as the
results.

12 The labels for some evaluation metrics are displayed in abbreviated
form but the complete names of these metrics can be found in Table B.1
in Appendix.
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Table 8
Main optimization and feature operation methods.

Method (counts) Model optimization

Feature operations

GA (18)

Aratijo (2011), Armano et al. (2005), Chai et al. (2015),

Kim and Han (2000), Tsai and Hsiao (2010), Yu et al. (2009)

Chen et al. (2017), Chung and Shin (2018), Ebadati and
Mortazavi (2018), Gocken et al. (2016), Hassan et al. (2007),
Lai et al. (2009), Pan et al. (2017), Qiu and Song (2016),
Qiu et al. (2016), Ye et al. (2016), Yu et al. (2009), Zhang,

Zhang et al. (2019)
PCA (8)

Wavelet transform (6)

PSO (5)

Anish and Majhi (2016), Chong et al. (2017), Singh and
Srivastava (2017), Tsai and Hsiao (2010), Wang and Wang
(2015), Zhong and Enke (2017a, 2017b, 2019)

Anish and Majhi (2016), Bisoi et al. (2019), Chang and Fan
(2008), Chiang et al. (2016), Kao et al. (2013), Wang et al.
(2011)

Cagcag Yolcu and Alpaslan (2018), Chai et al. (2015), Chiang

et al. (2016), Lu (2013), Rustam and Kintandani (2019)

Grid search (4)
(2009)
Simulated annealing (3)
(2016)
Firefly algorithm (3)
Chen (2019)
Gocken et al. (2019), Gocken et al. (2016)
Ramezanian et al. (2019), Yang et al. (2011)
Selvamuthu et al. (2019), Ticknor (2013)

HS (2)

GNP (2)

Bayesian regularization (2)
Self-organizing map (2)
EMD (2)

Chai et al. (2015), Chen and Hao (2017, 2018), Lu et al.
Chang and Fan (2008), Chang and Liu (2008), Qiu et al.

Kazem et al. (2013), Xiong et al. (2014), Zhang, Teng, and

Hadavandi et al. (2010), Huang and Tsai (2009)
Chai et al. (2015), Zhou et al. (2019)

5.6. Machine learning approaches by performances

There were some challenges related to the results of different studies
were presented, which make them challenging to compare. For in-
stance, some studies offered prediction results with the proposed/used
machine learning model for several different time horizons (see, e.g.,
Chen & Hao, 2017; Das & Padhy, 2018; Pan et al., 2017), for various
stock indices and stocks (see, e.g., Borovkova & Tsiamas, 2019; Chiang
et al., 2016; Hoseinzade & Haratizadeh, 2019), for different stages of
the applied method (see e.g., Nermend & Alsakaa, 2017; Tsai & Hsiao,
2010; Yu et al., 2009), for each class separately (see, e.g., Chang et al.,
2009; Lohrmann & Luukka, 2019; Zhang et al., 2018a), and with other
different settings (see, e.g., Hsieh et al., 2011; Rustam & Kintandani,
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2019; Yang et al., 2019; Zhang, Shao et al., 2019). Moreover, some
studies (see, e.g. Chang & Wu, 2015; Ebadati & Mortazavi, 2018; Liao
& Wang, 2010; Na & Sohn, 2011; Wang, 2002) implemented their
performance evaluation using very different approaches that are not
common in machine learning applications. Finally, most of the selected
studies have used more than three performance metrics from numerous
types, as demonstrated in Fig. 39.

Even though such issues made the presentation of the results diffi-
cult in entirely, we picked the articles with the best prediction perfor-
mance (highest accuracy or lowest error) for each machine learning
approach. Table 9 summarizes those studies by the machine learn-
ing approaches ANN, SVM/ SVR, fuzzy theory, deep learning, feature
selection, and other models.
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Fig. 39. Performance metrics used in the evaluation of the forecasting performance of the proposed models.

5.7. A review of most recent related studies

The focus of our study was on the related articles published in the
last two decades. However, the most recent studies were not included
since we concentrated our research on the period between 2000 and
2019. Hence, this sub-section attempts to briefly review the most recent
and relevant articles found from the databases we utilized in this
research. Table 10 summarizes recent prominent works related to our
research that employed machine learning techniques for stock price
or return predictions. Among the various machine learning methods
utilized for stock market forecasting, there has been a rapid rise in the
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use of deep learning techniques in the last two years. This significant
growth is visible in Figs. A.40 and 37. Another interesting fact is that
LSTM networks have witnessed a growing interest in stock market
predictions among the variations of deep learning models.

According to Liu and Long (2020), a combination of empirical
wavelet transforms (EWT), dpLSTM (dropout LSTM), PSO, and outlier
robust extreme learning machine (ORELM) is significantly effective
than BPNN (Sun & Gao, 2015), LSTM (Horata et al., 2013), and
RF (Basak et al., 2019) models in forecasting indices in the USA and
Chinese markets. Jiang et al. (2020) also proposed a stacking frame-
work by integrating tree-based methods (RF, extremely randomized
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Table 9
Selected studies with the highest performance for each machine learning approach.
Main approach  Study Target Input data Benchmarks Measure  Result
ANN Hu et al. (2018) S&P 500, DJIA Indices data, Google trends BPNN, GWO-BPNN, PSO-BPNN, Hit ratio 86.81% (S&P 500), 88.98%
WOA-BPNN, SCA-BPNN (DJIA)
Qiu et al. (2016) Nikkei 225 index Technical indicators GA feature discretization, SVM, Hit ratio 81.27%
BPNN, classification model
SVM/SVR Sedighi et al. (2019) DOW 30, NASDAQ  Technical indicators 19 benchmarks RMSE 0.0092 (average over all
100, S&P 500 indices)
Zhang, Teng, and Chen 6 securities from Closing prices LSTM model and 11 more RMSE 1.62e—-06 (1), 4.33e-06 (2),
(2019) SSE 0.000420(3), 1.07e-05(4),
0.005916(5), 0.003501(6)
Fuzzy theory Zhang, Zhang et al. SSECI, TAIEX Closing prices FCM, PSO, and 9 more RMSE 1.663 (SSECI), 1.2170 (TAIEX)
(2019)
Chang and Liu (2008) TSE index, Technical indicators BPN, MRA Accuracy 97.6% (TSE index) and
MediaTek Inc 98.08% (MediaTek)
Deep Learning Lien Minh et al. (2018) S&P 500 Financial news, index GRU, LSTM with and TGRU Glove Accuracy 66.32%
prices and Word2Vec with Stock2Vec
Singh and Srivastava NASDAQ Technical indicators RBFNN+(2D)2PCA, RMSE 1.01%
(2017) RNN+(2D)2PCA
Feature selection Weng et al. (2017) AAPL stock Market data, technical 7 cases with different data Accuracy 85.8%
indicators, Wikipedia sources
traffic, Google news counts
Barak and Modarres TSE return Financial ratios and BF tree, LAD tree, and 14 more Accuracy 80.24%
(2015) fundamental index
Other Zhou et al. (2018) Enron stock Stock price & emails data Decision tree Accuracy 86.67%
Table 10
A review of most recent related articles published during 2020 and 2021.
Study Target Prediction  Input data Approach Model specifications Benchmarks Performance metrics
type
Liu and Long (2020) S&P 500, CMSB, Price Closing prices Deep learning EWT + dpLSTM (dropout BPNN, LSTM, RF RMSE, MAPE, MAE, SDE
DJI LSTM) +PSO + ORELM
Shen and Shafiq (2020) Chinese stock  Trend Closing prices, Deep learning  LSTM + feature expansion + SVM, MLP,NB,RF,LR, Accuracy, F1 score, TPR,
market (up/down) fundamental data REF + PCA ARIMA TNR

Jiang et al. (2020)

S&P 500, DOW Movement

Technical and

30, Nasdaq (1/0) macro-economic  method)
variables
Yuan, Yuan et al. (2020)Chinese A-share Trend Technical, Other
market (+1/-1) economic, and
fundamental
variables
Li et al. (2020) CSI 300 stock  Price Internet messages, Deep learning
index open & close
prices
Lu et al. (2020) Shanghai Price Basic technical Deep learning
Composite Index variables

Lee and Kim (2020)

Kim et al. (2020)

S&P 500 index, Price
KOSPI200,

FTSE100

S&P 500 index Direction

Prices of indices Deep learning

Prices of 55 stocksOther

Carta et al. (2021b) S&P 500 index Movement Daily news and  Classifier
(high/low) time series ensembles
Yun et al. (2021) KOSPI 200 Direction Technical Classifier
indicators ensembles
Jing et al. (2021) Five stocks in  Price Stock prices and Deep learning
SSE textual data
Wang et al. (2021) S&P 500, DJI, Price Prices of indices Deep learning
SSE, NYSE,
N225, FTSE,
NASDAQ

Other (Stacking

+ (RNN, bidirectional RNN,
RNN-LSTM and GRU) + LR-
or Lasso-based meta classifier
(SVM, RF, ANN) + feature
selection

LSTM + corpus-based
approach + Niive Bayes

CNN+LSTM

ConvLSTM + CNN + LSTM

(LR, MLP, RF, XGBoost,
LSTM) + ETE

Decision tree + lexicon
generation + feature
extraction

GA + XGBoost

CNN + LSTM

Reservoir computing (RC)
model

(RF, ERT, XGBoost, LightGBM)RF, ERT, XGBoost,

Accuracy, precision, recall,
LightGBM, RNN, BRNN,F score, and AUC
LSTM, GRU

Without feature
selection

Accuracy, sharp ratio,
annualized return

SVM, LR, Niive Bayes Accuracy, precision, recall,
F1 score

MLP, CNN, RNN,
LSTM, CNN-RNN
CNN, LSTM, SingleNet, MSE, MAPE, MAE
and SMA

MAE, RMSE, R?

Without ETE Accuracy and adjusted
accuracy

MLP, Gradient Accuracy, precision, recall,
Boosting, RF, and other F1 score

two

RF, Decision Trees, Accuracy, precision, recall,

SVM-RBF, KNN, and F1 score

LSTM

SVR, GA-SVR, CNN, MAPE

GA-SVR, LSTM

LSTM, RNN, and RMSE, MAE, MAPE, R?
EMD2FNN

trees [ERT], XGBoost, and light gradient boosting machine [Light-
GBM]), deep learning methods (RNN, bidirectional RNN, RNN-LSTM
and gated recurrent unit [GRU]), and logistic regression (LR)- or Lasso-
based meta classifiers for stock index prediction. Moreover, two special
deep learning techniques, LSTM and CNN, have been frequently applied
in recent studies (Jing et al., 2021; Lee & Kim, 2020; Lu et al., 2020),
demonstrating that their mixture works more effective than each of
them alone.
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Some other studies employed different data processing and clas-
sification algorithms to enhance the prediction performance of LSTM
networks for the selected market. For instance, Shen and Shafiq (2020)
proposed a deep learning approach based on LSTM, feature expansion,
recursive feature elimination (RFE), and PCA to predict the Chinese
stock market. Their results indicate that the proposed method per-
forms better than other forecasting models, such as SVM, MLP, RF,
LR, and ARIMA, achieving the highest accuracy of 93%. Liu and
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Long (2020) examined the performance of LSTM networks in pre-
dicting the CSI 300 stock index price through messages data from
internet stock message boards. For sentiment extraction, they employed
a corpus-based approach and the Naive-Bayes classifier as text mining
techniques. This proposed model achieved an accuracy of 80.2% in the
prediction, outperforming all baseline models used. From a different
perspective, a recent study by Wang et al. (2021) developed a novel
deep learning model of reservoir computing through random, small-
world, and scale-free networks to examine predictive performance in
the following day predictions of the seven major stocks selected. The
result of the study shows that the developed approach outperformed the
most frequently used deep learning techniques, including LSTM, RNN,
and EMD2FNN (Zhou et al., 2019), achieving the lowest RMSE in the
prediction.

Apart from that, Kim et al. (2020) investigated the effectiveness of
the use of effective transfer entropy (ETE) with well-known machine
learning techniques, including LR, MLP, RF, XGBoost, and LSTM, to
forecast the direction of the S&P 500 index. Similarly, Yuan, Yuan et al.
(2020) compared the predictive capability of SVM, RF, and ANN models
with and without feature selection in predicting the Chinese A-share
market. The best performance (52.75%) accuracy was reported with the
RF-RF (random forest for feature selection + prediction) model in the
experiment. As for classifier ensemble approaches, Carta et al. (2021b)
proposed a decision tree-based machine learning approach (with news
aggregation, lexicon generation, and feature extraction) for stock mar-
ket forecasting. Yun et al. (2021) also presented a hybrid approach
based on GA and XGBoost techniques to predict the direction of the
KOSPI 200 index. During the experiment, they specifically introduced
a new feature engineering process comprising feature expansion, data
preparation, and feature selection. The proposed method achieved the
best accuracy of 93.8% compared with benchmark approaches.

5.8. Recent progress

The findings from our review confirm an increasing interest in
the stock market prediction research area over the last five years. As
evident from Figs. 37 and A.40, the main trend in recent studies is the
growing use of deep learning methods, for instance LSTM, CNN and
RNN. Moreover, as shown in 10, the use of classifier ensembles instead
of single classifiers also seems to be common in recent research works.
However, ANN- and SVM- based approaches can still be found in the
literature, but they appear to lose an increasing share to deep learning
and classifier ensembles.

Moreover, over the last five years, the application of feature se-
lection and feature extraction methods, which are used in the data
pre-processing step and, thus, are methods that support setting up
simpler, more interpretable, and potentially more accurate models, has
increased. Due to their benefits such as a decrease in computational
expense and model complexity, removal of variables that act as noise,
and potential improvements in model performance, It can be expected
that these methods will solidify their popularity in future studies. From
the data perspective, technical, fundamental, and historical price data-
based studies are still common, but rising interest in the use of the
textual data extracted from different sources, for example, financial
news and social media data, is apparent. In particular, a special focus
appears to be placed on sentiment analysis (text mining) for internet
messages/message boards, news, and tweets data for model building.

6. Study limitations

The focus of our review was on supervised and unsupervised ma-
chine learning methods. A minority of articles may have included
statistical forecasting methods such as ARIMA or GARCH (e.g., as
benchmarks for the proposed method), but these did not represent the
emphasis in our review. In addiction, multi-criteria decision making
(MCDM) methods, which are also often encountered in the financial
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forecasting literature, were excluded from our study. Finally, the focus
on machine learning also meant that many other soft-computing meth-
ods, e.g., for regression analysis, were also excluded from our study.
Another potential limitation was that we focused exclusively on journal
papers in the search result, and we excluded other sources of studies
such as conference papers, peer-reviewed workshop publications, and
technical reports. However, we acknowledge that it was possible to
miss relevant articles because of the selection of the search terms used
in our study.

7. Discussion and conclusions about the review

In this paper, a systematic review and analysis of the machine
learning literature was conducted for stock market prediction. We
analyzed 138 journal articles published between 2000 and 2019. From
the empirical evidence obtained, we identified highly cited articles, the
yearly distribution of keywords, and other useful information. Next, we
explored the dependent and independent variables of the financial data
sets in the set of journal articles in detail.

The investigation of the markets, indices, and stocks in the data
revealed that indices and stocks in the USA were the most investigated
ones, first and foremost, the S&P 500 index. However, on the regional
level, Asia was investigated the most. In particular, Taiwan, China and
South Korea together were more often considered than the USA. Hence,
it is also unsurprising that the TAIEX (Taiwan) was the second most
investigated index in our review. In addition, we found a moderate
correlation between the frequency with which a stock index was con-
sidered in the literature and its market capitalization, indicating that
larger indices tend to be covered more often in the scientific literature.

From an individual stock point of view, stocks linked to health
care, information technology, and consumer discretionary were most
frequently found in the literature. Moreover, we reviewed 2173 unique
variables which were used in the selected literature. The largest type
by the number of variables was “Technical Indicator” with 1348 vari-
ables. We found that, especially for lower dimensional data with less
than 20 variables, the average share of technical indicators among
all variable types was, with approximately 80% clearly the largest.
However, there was a tendency that with a larger variable set, the share
of “Macro-Economy” and “Fundamental Indicator” specific variables
was increasing. Studies exceeding 500 variables were, in our review,
focused on the bag of words approach from text mining, where relevant
keywords are extracted from, e.g., financial news or tweet data.

Our analysis showed that the most frequently used machine learning-
based prediction models for stock market forecasting were based on the
ANN, the SVM, and fuzzy theory. This finding is somewhat different
from the previous evidence presented by Henrique et al. (2019), as
these authors had not reported on fuzzy theory-based methods. As
another finding, we identified that deep learning techniques have
received much attention in the last three years, appearing in 15 related
articles. In addition, fuzzy-set-theory-based approaches have clearly
more attention in the last decade compared with the previous one. In
addition, GAs were mostly used when efforts were made to improve
the parameter optimization for machine learning methods. For feature
extraction methods, PCA and wavelet transform were the most popular
methods.

From the review of the most recent studies, we found that the
rapid rise in the use of deep learning techniques has continued even in
2020 and 2021 years. All deep learning-based papers found in this new
analysis have applied improved LSTM models to predict stock market
variables. Based on this analysis, we can conclude that LSTM networks
have been much more effective than the other forms of deep learning
(for example, CNN and RNN), showing more robust predictions.

In summary, we provide the following contributions for future
research:

(1) A systematic literature review and bibliometric analysis of the
recent literature on machine learning in stock market forecasting, (2)
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Fig. A.40. Author’s keywords dynamic by year.

an in-depth analysis of the stocks and financial markets covered in
the literature as well as the types and specific variables used for pre-
dictions, (3) a detailed presentation of existing forecasting approaches
based on machine learning and where they have been used in the
literature, and (4) information on recent trends concerning the use
of machine learning methods (such as deep learning) in stock market
forecasting.
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Appendix A

A.1. Author’s keywords dynamic by year

Fig. A.40 shows the use of these keywords from year to year.
This illustrates that researches in the stock market analysis increas-
ingly concentrated on new machine learning approaches such as deep
learning. According to Fig. A.40, neural networks and support vector
machines based models have been more popular in earlier studies. Over
time researchers continued to used these techniques but increasingly
combined several machine learning techniques (e.g., genetic algorithm,
feature selection) with the parent model rather than using it alone.
Especially the rise of deep learning-based studies has been apparent
in the last three years. This indicates that deep learning is receiving
increased interest in stock market forecasting.

A.2. Citation performance

With the aim to understand the impact of the articles in this study,
we also collected the number of citations for each article. Fig. A.41
presents the 15 most cited articles in each of the two 10 year periods
during the last 20 years. The number of citations presented in the figure
was collected via Google Scholar, which tracks the citation information
of publications.

According to Fig. A.41 the research effort of Kim (2003) who
applied an SVM to predict the stock index price and achieved promising
results in comparison to a BPNN model and case-based reasoning, has
been the paper with the largest number of citations among the most
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Table B.1
List of performance metrics in full names.
Abbreviation Definition
AUC Area under curve
Dstat Directional statistic
MDD Maximum drawdown
POCID Prediction of change in direction
ARV Average relative variance
Gmean Geometric mean
RMSE Root mean square error
RE Relative error
MAPE Mean absolute percentage error
MASE Mean absolute scaled error
ROI Return of the investment
DA Directional accuracy
RE Relative error
ROR Rate of return
PE Prediction error
MAE Mean absolute error
NMSE Normalized mean square error
RelMAE Relative mean absolute error
RM SPE Root mean square percentage error

cited articles on this subject for last 20 years. It had 1504 citations at the
time we conducted the search. The study by Tay and Cao (2001) which
also utilized an SVM for financial market forecasting had 1242 citations,
ranking it second among the most cited papers. Next to that, the paper
by Huang et al. (2005) is placed third with 905 citations. This paper has
investigated the applicability of SVMs in the prediction of the weekly
movement of the stock price. The results were compared to linear
discriminant analysis (LDA), quadratic discriminant analysis (QDA),
and elman backpropagation neural networks (EBNN). In the paper,
it was concluded that the SVM outperforms the benchmark methods
deployed. In summary, the top 3 most cited articles for the last 20 years
were based on SVM approaches for financial market forecasting.

Next, turning our focus towards the last decade, the research of Kara
et al. (2011) has been the most cited one with 518 citations. In their
paper, these authors are applying both neural networks and SVM
methods to forecast the Istanbul stock market indices. Addressing the
problems in the prediction of stock price movements, the study in Patel
et al. (2015) compares the performance of neural networks, SVMs,
random forests, and Naive Bayes. This study has gained 386 citations
in the last 5 years. We should point out that the study of Fischer and
Krauss (2018) has been becoming more and more popular among the
latest research studies since it gained 268 citations within a short time
period of about 2 years. This study deployed long short-term memory
(LSTM) neural networks as one of the most advanced deep learning
techniques to forecast stock price movements and achieved competitive
results compared with a random forest and logistic regression. This
also indicates what we mentioned previously in the analysis of the
keyword, particularly, that deep learning is gaining more attention in
recent researches in financial market forecasting.

Appendix B

See Table B.1.

Appendix C

See Table C.1.

Appendix D

See Table D.1.



M.M. Kumbure et al.

Expert Systems With Applications 197 (2022) 116659

Number of citations

a

715 711

526 518
455 442 454 423
1337 327 351 315 314 306
£ 529 220 508 201
IIII136 134 133 130ﬁi

T
\\ S

OIENY QQ\@\\@Q\\Q\Q&%\«\@@@%\%\Q\%\\\«\Q\«\v\
$@§@§§$§§@§fﬁﬁﬁﬁﬁ@§$§@®@f@$$$$
@ e oeeveeoeeveeeeeyereeeeseees e e
I T S R T S S P N e N N I i e I R I - W W W (NN P O gt
EF o% 7 2 67 6% 0% FTa@ % 6% I ¥ 6% 67 87 & T 80 6% 0% T 8% o7 o
B O \d 2 & S @ S O N RV SO v O 2
< & Qo":‘& & V&P S Q&Q &> & '2§© & O :ﬁ?& €& wﬁ\% o (@ ST ~
& N: FE & v PR F @ P& T
K S ¥ e I O VIS
% X & <®
@ &
<& ®
Reference

Fig. A.41. Top 30 articles among the mostly cited.

Year range

[ 2000-2000
[ 20102019

Table C.1

Indices by full name, exchange and market.
Index Abbreviation Index Name Exchange Market
ASE Athens Stock Exchange Composite Index Athens Stock Exchange Greece
ATX Austrian Traded Index Vienna Stock Exchange Austria
BIST 100 Borsa Istanbul 100 Index Istanbul Stock Exchange Turkey
BSE SENSEX Bombay Stock Exchange Sensitive Index Bombay Stock Exchange India
Bursa Malaysia Bursa Malaysia (Kuala Lumpur Stock Exchange) Bursa Malaysia Malaysia
CDAX Composite Deutscher Aktienindex Deutsche Borse Germany
CME Chicago Mercantile Exchange Futures Chicago Mercantile Exchange USA
CNX NIFTY 50 CNX National Fifty 50 National Stock Exchange of India India
CNX NIFTY 500 CNX National Fifty 500 National Stock Exchange of India India
COMIT Index Banca Commerciale Italiana Index Borsa Italiana Italy
CSI 300 China Securities Index 300 Shanghai & Shenzhen Stock Exchange China
CSI 500 China Securities Index 500 Shanghai & Shenzhen Stock Exchange China
DAX Deutscher Aktienindex Deutsche Borse Germany
DJIA Dow Jones Industrial Average Index NYSE & NASDAQ USA
Euro STOXX 600 European Stocks 600 by STOXX Ltd. European Stock Market European Union
FITX Taiwan Stock Exchange Index Futures Taiwan Stock Exchange Taiwan
FOREX Foreign Exchange Rates Market - USA
FTSE 100 FTSE 100 Index London Stock Exchange United Kingdom
GEM Growth Enterprise Market Hong Kong Stock Exchange China
HSI Hang Seng Index Hong Kong Stock Exchange China
IBEX 35 Indice Bursatil Espanol 35 Bolsa de Madrid Spain
IBOVESPA Indice Bovespa Brasil Bolsa Balcéo Brazil
JKSE Jakarta Stock Exchange Composite Index Jakarta Stock Exchange Indonesia
KOSPI Korea Composite Stock Price Index Korea Exchange South Korea
KOSPI 200 Korea Composite Stock Price Index Korea Exchange South Korea
KSE Kuwait Stock Exchange Index Kuwait Stock Exchange Kuwait
LSE London Stock Exchange London Stock Exchange United Kingdom
MCX COMDEX MCX Commodity Index Futures Multi Commodity Exchange of India India
NASDAQ NASDAQ Composite Index Nasdaq Stock Exchange USA
Nikkei 225 Nihon Keizai Shinbun 225 Index Tokyo Stock Exchange Japan
NYSE New York Stock Exchange Composite Index New York Stock Exchange USA
QE Qatar Stock Exchange Index Qatar Stock Exchange Qatar
Russell 2000 Russell 2000 Index NYSE & NASDAQ, OTC Markets USA
S&P 400 Standard & Poor’s 400 Index NYSE & NASDAQ, Investors Exchange USA
S&P 500 Standard & Poor’s 500 Index NYSE & NASDAQ, CBOE Exchange USA
S&P 600 Standard & Poor’s 600 Index NYSE & NASDAQ, OTC Markets USA
SSE Shanghai Stock Exchange Composite Index Shanghai Stock Exchange China
SSE 50 Shanghai Stock Exchange 50 Index Shanghai Stock Exchange China
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Table C.1 (continued).
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Index Abbreviation Index Name Exchange Market
STI FTSE Straits Times Index Singapore Exchange Singapore
SZSE Shenzhen Stock Exchange Component Index Shenzhen Stock Exchange China
TAIEX Taiwan Capitalization Weighted Stock Index Taiwan Stock Exchange Taiwan
TEJ Data Taiwan Economic Journal Data Set - Asia Multiple
TSE Tehran Stock Exchange Index (TEDPIX) Tehran Stock Exchange Iran
TSX S&P/TSX Composite Index Toronto Stock Exchange Canada
WIG 20 Warszawski Indeks Gietdowy 20 Warsaw Stock Exchange Poland
VN index Vietnam Ho Chi Minh Stock Index Ho Chi Minh City Stock Exchange Vietnam
Table D.1
Selected indices by market capitalization.
Index Market Cap. Value Date Source
in B. USD
ASE 46.8 10.4.2020 https://www.athexgroup.gr/en/web/guest/stocks/-/map/m/-1/6/
ATX 85.2 31.3.2020 https://www.wienerborse.at/uploads/u/cms/files/press/media-fact-sheet- the-vienna-stock-exchange.pdf
BIST 100 46.2 10.4.2020 https://www.borsaistanbul.com/en/data/data/consolidated-data
BSE SENSEX 1638.0 12.3.2020 https://www.business-standard.com/article/markets/bse- market-cap-at-lowest_-level-since-june-2017-lost-rs-33-trn-
in-one-month-120031200393_1.html
Bursa Malaysia 317.2 31.3.2020 https://www.ceicdata.com/en/malaysia/bursa-malaysia-market- capitalization/bursa-malaysia-market-capitalization
CNX NIFTY 50 906.0 9.4.2020 Sum of Market Capitalization of the 50 Constituent (Google financial information from 09.04.2020)
CSI 300 4165.7 31.3.2020 http://www.csindex.com.cn/uploads/indices/detail /files/en/000300factsheeten.pdf?t=1586637379
DAX 1138.1 10.4.2020 https://www.finanzen.net/index/dax/marktkapitalisierung
DJIA 7252.3 9.4.2020 https://markets.businessinsider.com/index/dow_jones
FTSE 100 1425.9 31.3.2020 https://www.ftserussell.com/analytics/factsheets/home/search
Hang Seng 2235.2 28.2.2020 https://www.hsi.com.hk/static/uploads/contents/en/dl_centre/factsheets/hsie.pdf
IBOVESPA 1030.0 10.4.2020 https://www.tradinghours.com/exchanges/bovespa
KOSPI 979.2 31.3.2020 https://www.ceicdata.com/en/korea/korea-exchange-kospi-market-market-__capitalization/market-cap-kospi-total
LSE 3625.4 31.3.2020 https://www.londonstockexchange.com/statistics/markets/main-market/main-market.htm
NASDAQ 12644.5 31.3.2020 https://www.ceicdata.com/en/united-states/nasdaq-turnover-and-market-_ capitalization/market- capitalization-
nasdaq
Nikkei 225 2939.7 10.4.2020 https://indexes.nikkei.co.jp/en/nkave/archives/summary
NYSE 30213.5 9.4.2020 Extrapolated using the NYSE Composite Index value & old Market Cap from: https://www.nyse.com/market-cap
S&P 500 24560.4 9.4.2020 https://markets.businessinsider.com/index/s&p_500
BFBFBFSSE 4724.6 10.4.2020 http://english.sse.com.cn/
SZSE 3341.4 3.4.2020 http://www.szse.cn/English/about/news/szse/P020200407522583193167.pdf
TAIEX 1018.9 10.4.2020 https://www.twse.com.tw/en/
TSE 519.0 8.4.2020 https://tse.ir/pages/Files/Peyvast/pf_72821.pdf
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